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I. Introduction  
 
1. Non-response in statistical surveys is a well-known problem, and literature on the issue is widely 
available. Missing information in datasets is also a common scenario in the field of machine learning 
where different solutions continue to be proposed. These two domains – statistical surveys and machine 
learning – address the problem with different approaches and use different evaluation criteria to compare 
the results. 
 
2. The strategies to deal with non-response follow two main approaches: prevention before it occurs 
and correction if – no matter how carefully the tasks have been performed – data are still missing. One 
way of dealing with non-response once it has occurred is to use imputation procedures. As a first step 
these can be classified into two large (non-disjoint) groups: model-based procedures and algorithmic 
procedures. The latter are usually classification and/or prediction methods from the machine learning 
domain. Within statistical agencies both types of method are typically used.  
 
3. This paper deals with the case of imputation of categorical variables because it displays 
significant features which are not always taken into account. We will show that sometimes the practical 
recommendations made from the statistical approach are not suitable enough but just reuse procedures 
originally designed for numeric variables. This led us to test other methods from the field of machine 
learning. 
 
4. Among these two procedures were chosen: a new neural networks classifier that has recently 
been extended to deal with mixed numeric and categorical data as inputs, and a Bayesian networks 
classifier. In this paper the two methods are used to impute categorical data in a microdata file from an 
opinion poll and the results are compared with those from another traditional imputation method by 
applying a practical cross-validation evaluation criterion. 
 
5. The remainder of this paper is organised as follows. The next section contains a brief review of 
the state of the art with imputation in statistical surveys and the criteria for evaluating the procedures, 
putting particular emphasis on practical advice and recommendations for the case of categorical data. 
Section III presents the context of the imputation problem to be solved, and introduces the above-
mentioned new neural networks and Bayesian networks classifiers. Next, section IV, reports the results of 
the experiment – comparing the machine learning classifiers with another traditional method. Finally, a 
number of remarks and conclusions are presented in section V. 
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II. State of the art of categorical data imputation in statistical surveys 
 
A. A general introduction to ways of treating non-response 
 
6. Before starting with imputation, let's introduce the general approach to dealing with non-response 
once it has occurred in surveys, independently of whether the data are numeric or categorical. Countless 
procedures to deal with missing values in datasets have been developed since the problem emerged. 
There is not even agreement between the statistical and computational intelligence communities about 
how to classify the methods. Trying to cover the different approaches, a possible compromise taxonomy 
broadly groups them into three categories which are not mutually exclusive: deletion procedures, 
tolerance procedures and imputation procedures (Little and Rubin, 2002; Song and Shepperd, 2007). 
 
 7. Deletion procedures are based on units containing complete records. The strategy consists of 
discarding incomplete units and using only the units with complete data for further analysis. This is easy 
to carry out but is satisfactory only if the amount of data missing is small. Although these methods are 
not usually recommended, they are by far the most widely used because this is the default option in many 
statistical software packages. 
 
8. Tolerance procedures are the strategies to deal with missing values that are internal to the data 
mining and statistical analysis procedures, that is, that work directly with datasets from which data are 
missing without removing missing value records or completing them. The significant feature of these 
methods is that they are not general solutions to the problem, but special techniques appropriated only to 
each specific procedure. Weighting procedures are included in this group. Among these, calibration 
(Särndal, 2007) provides a systematic way to integrate auxiliary information in the estimation process. 
The method is being used increasingly in small and medium-sized countries where much auxiliary 
information is available from registers. 
 
9. The last group, imputation procedures, are the techniques that solve the non-response problem by 
replacing each missing value by an estimate or imputation. One advantage of this strategy is that it splits 
up non-response adjustment and data analysis into two separate stages. Datasets including imputed data 
may be analysed using different standard techniques and possible discrepancies would not be affected by 
the treatment of the missing data.  
 
10. Among these imputation techniques two large (non-disjoint) categories can be distinguished: 
algorithmic procedures and model-based procedures. The former – usually classification and/or 
prediction methods from the machine learning domain – use an algorithm to produce the results, with an 
underlying model implied. On the other hand, in model-based procedures the predictive distributions 
have a formal statistical model, and the assumptions are explicit. 
 
11. The algorithmic methods include some of the procedures used to tackle non-response from the 
beginnings of statistical surveys: deck imputation, nearest-neighbour imputation, mean imputation and 
general and logistic regression imputation. The group also includes some of the best-known 
computational intelligence classification and prediction techniques: neural networks, genetic algorithms, 
Bayesian networks, classification trees, fuzzy sets, hybrid procedures, etc. Generally speaking, prediction 
methods are used for imputation of continuous variables and classification methods for discrete or 
categorical. In this last case every category or value of the variable to be imputed is associated with a 
classifier class, and the estimation for a missing data input consists of the classification category. 
 
12. All the above-mentioned methods to impute missing data are sometimes criticised because the 
imputed data are used later as if they were known, without taking into account the uncertainty due to non-
response. These may in turn cause the sampling variance of estimators to be underestimated. To solve 
this problem, model-based imputation methods have been developed. These provide estimates of variance 
that take into account the incompleteness of the data. Model-based methods in the wide sense include all 
the imputation methods making assumptions about the probability distribution of the variables and/or 
about the missingness mechanism. They constitute the state of the art in imputation of missing data for 
the statistical inference community. 
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13. Multiple Imputation (MI) methods appear to be the most model-based procedures used for 
handling missing data in multivariate analysis at this time. They consist of replacing each missing value 
by a set of imputations drawn from the assumed model and combining these later in a particular way. One 
of its suggested advantages is that only a small number of imputations (between three and five) are 
needed in order to obtain relatively efficient estimators. Many MI methods have been developed using 
different models assumptions for continuous, categorical and mixed continuous and categorical data. 
Statistical software packages often now include MI as one of the options and this is making a big 
contribution to its dissemination. Nonetheless, there is controversy about its actual efficiency and the 
unverifiable assumptions on the models. Another important point to emphasize is that in many 
applications the issue of non-response bias is much more crucial than that of variance thus downing the 
main argument supporting MI. 

 
14. Given the variety of procedures and points of view when it comes to addressing the missing data 
problem, the criteria for evaluating and comparing performance become crucial. A general discussion on 
these criteria would go beyond the scope of this paper. Instead, the next section summarises the principles 
for measuring the results of the imputation procedures as an introduction to the method subsequently 
proposed for categorical data. 

 
B. The criteria for evaluating the results of imputation methods 

 
15. Although the problem of missing data in datasets is essentially the same, the methods to deal with 
it are judged significantly differently from the statistical inference and machine learning perspectives.  
 
16. Basic criteria for evaluating statistical procedures had been set by Neyman and Pearson (Neyman 
and Pearson, 1933; Neyman, 1937). From this Rubin (1976, 1996) developed an extended framework for 
statistical surveys with non-response that is still in use today. The framework sets the goal that a 
statistical procedure should make valid and efficient inferences about a population of interest, considering 
the method for handling missing values as part of the overall procedure. That is, the method should yield 
unbiased parameter estimates, with the possibility of assessing the degree of uncertainty about its 
estimation even though non-response has happened. The meaning of this paradigm for evaluation of the 
missing data treatments can be summarised in the following paragraphs: 
 
17. "… I believe that statistically valid must be a frequency concept, averaging over randomization 
distributions generated by known sampling mechanisms (used to collect data) and posited distributions 
for the response mechanisms (the processes underlying non-response)". (Rubin,1996). 
 
18. "…Judging the quality of missing data procedures by their ability to recreate the individual 
missing values (according to hit-rate, mean square error, etc.) does not lead to choosing procedures that 
result in valid inference, which is our objective". (Rubin,1996).  

 
19. "… We can essentially never be sure that the data base constructor's model is appropriate, but 
assuming it is, and assuming that the ultimate user is performing an analysis that would be valid if there 
were no missing data, we can expect that the ultimate user will obtain a valid inference". (Rubin,1996). 

 
20. These ideas must not be taken as mathematical results, but more as practical guidelines. The 
important point to stress is that the goodness of a missing data treatment – following the statistical 
inference perspective – must be assessed for each of the features (bias, mean square error, etc.) of the 
estimator obtained. And also that these features are linked to the assumed data model, whose assumptions 
are usually untestable. In other words, the correctness of a missing data treatment is predicated on the 
correctness of the model specifications.   

 
21. The machine learning perspective has not an evaluation criterion for non-response imputation 
methods on its own but looks at the problem from the general artificial intelligence framework. It does 
not try to build a theoretical model able to describe the behaviour of the variables, but has the more 
modest aim of fitting as close as possible to this behaviour, not involving modelling assumptions. 
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Performance is typically evaluated by its empirical results through simulating missing data and then 
measuring the closeness between the real and the imputed data.  

 
22. The next section gives details of the methods and recommendations specifically for imputation of 
missing categorical data from the statistical inference perspective. 

 
C. The case of imputation of missing categorical data  

 
23. In statistical surveys MI has become the most widely used method of imputation. Like other 
model-based procedures, it requires specification of an imputation model. Usually the choice depends on 
the type of variables in the input dataset. For continuous variables, the most widely accepted is the 
multivariate normal model. Schafer (1997) showed that small deviations from the normality assumption 
can produce rather robust inferences.  

 
24. In the case of categorical variables, the set of cells in the contingency table has a multinomial 
distribution, with the log-linear model being the most appropriated for imputation. These models prove 
flexible to specify variable dependence but can cause practical problems because of non-unique or invalid 
estimates (Molenberghs et al., 1999) and can be applied only when the number of variables is not very 
big, that is, when the full multi-way cross-tabulation required for the log-linear analysis can be 
computationally processed. 

 
25. When there are mixed continuous and categorical data, a combination of a log-linear and 
multivariate normal model would be an appropriate option. Another possibility is to use logistic 
regression models, drawing the MI imputations from the estimated posterior probability distribution. But, 
sometimes, practical problems are found here too, at the regression estimation step (Santner and Duffy, 
1986). And most of these procedures are also able to deal with only a small number of variables. Because 
of all the above-mentioned difficulties, different solutions have been studied and proposed. 

 
26. Some studies recommend approximating the imputation model by a continuous variables model. 
For example, for the binary case, Rubin and Schenker (1986) proposed using a Gaussian distribution to 
obtain the imputations, and then converting them later to dichotomous by using a cut-off point based on 
the maximum likelihood estimate of the Bernouilli probability, whereas Schafer (1997) proposed using a 
normal distribution, rounding to the closest integer. 

 
27. Their simplicity together with the non-existence of any alternatives have led to the above-
mentioned methods also being used when dealing with non-binary categorical variables. Yucel and 
Zaslavsky (2003) made practical recommendations on rounding and Van Ginkel et al. (2007) obtained 
reliable results using MI with the multivariate normal model and ordinal non-dichotomous data, rounding 
the non-integer imputations to the nearest feasible integer. 

 
28. There have been some criticisms of this way of proceeding. For example, Horton et al. (2003) 
warned about the possible bias when rounding and Ake (2005) estimated the bias using normal 
distribution and rounding non-binary categorical data. On the other hand, Allison (2006) and Demirtas 
(2008) compared, by simulation studies, the results of MI with ordinal non-binary data using multivariate 
normal approximation and rounding on the one hand, with the results of using other options such as 
logistic regressions and the log-linear model on the other, and concluded that the former should be used 
only in exceptional cases. 

 
29. Apart from the criticisms expressed from the practical perspective, a contradiction seems to exist 
between the theoretical framework underlying the statistical approach and the recommendations to use a 
normal distribution to approximate categorical data models. That is, as the assessment of the missing data 
treatment is based on its features when making statistical inferences, a model for approximating data that 
is clearly inadequate cannot be evaluated positively. This tendency to apply to categorical data 
procedures originally designed for continuous data is a common practice in statistical inference, for 
example, in sampling finite populations, where the categorical is frequently the trivial and easiest case. 
But this is not necessarily the same for probability models and estimation, due to the different topological 
features of the continuous and categorical spaces. 
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30. The difficulties become even more relevant when dealing with non-binary and non-ordinal 
categorical data, where the distributions are frequently oddly shaped or far from symmetry. This led us to 
seek other imputation methods, namely from the area of machine learning. 
 

III. The imputation problem to be solved and the solutions proposed 
 
A. Context 
 
31. Surveys consisting of questions about individual opinions or attitudes are known as opinion polls. 
These have proven to be an especially fast and easy-to-use means of gathering information about a 
population because they normally simplify the most technical phases of the survey process. As in most 
surveys, there is usually total and/or partial non-response in polls. Total non-response is commonly 
addressed at the sampling design stage. This paper focuses on partial non-response. 
 
32. The typical way of dealing with partial non-response in polls is to add "Don't know/Not 
applicable" and treat it like any other category. But this is not highly recommendable because it can 
produce other problems at the analysis of results stage. Nevertheless, it is widely applied in polls due to 
its straightforwardness. 
 
33. In election polls, though, there is one variable – which political party do you intend to vote for in 
the next general elections? (referred to as voting intention from now on) – for which the procedure 
outlined above is not good enough, and missing values are imputed using other methods. 

 
34. To evaluate the imputation procedures, the microdata file from a 2008 Spanish general election 
poll (number 2750 in the Sociological Research Centre's survey catalogue1) was chosen. Apart from the 
voting intention question, the poll contains others giving rise to different types of variables: 
• Quantitative variables: questions answered by entering a numerical value. They include questions on 

ideological self-location (asking respondents to place themselves ideologically on a scale from 1 to 
10, with 1 being the extreme left and 10 the extreme right). Others focus on the rating of three 
specific political figures, likelihood to vote, and likelihood to vote for three specific political parties, 
all of which are rated on a scale from 0 to 10. 

• Ordered categorical variables: questions answered by entering categories that are so well ordered that 
they are easy and straightforward to convert into quantitative variables. They refer to government and 
opposition party ratings. The answer categories are "very good", "good", "fair", "bad" and "very 
bad", which we convert into the values, 1, 0.75, 0.5, 0.25 and 0, respectively, assuming that they are 
ordered equidistantly. 

• Categorical variables with non-ordered categories: questions including voting intention and similar 
points, such as voting memory (party the respondent voted for at the last general elections); the 
autonomous community; which of the likely candidates the respondent would prefer to see as 
president of the government; how sure/definite the respondents' voting intention is; the political party 
the respondent tips to win, and the political party the respondent would prefer to see win. 

 
35. Although non-response is found in all these variables, this paper focuses on imputation of the 
voting intention variable, using for the tests the 13.280 interviews in the file with an answer to this 
question and also no missing values for the rest of the variables. The voting intention is a qualitative 
variable in which 11 categories were considered, including the names of each of the biggest political 
parties, "blank vote", "abstention" and a category called "others". 
 
B.  New neural networks classifier for imputing categorical data 

 
36. Neural networks seem a promising approach that has previously been used for imputation. Duliba 
(1991), Gupta and Lam (1996), Abdella and Marwala (2005), Nelwamondo et al. (2007), and Ssali and 
Marwala (2007) have all used neural networks to impute continuous data. Nordbotten (1998) presented 
an interesting study of neural networks imputation of some population census variables for individuals 

                                                      
1 http://www.cis.es/cis/opencms/EN/1_encuestas/catalogoencuestas.html  
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not included in the sample, while Amer (2006) also used neural networks for imputing in surveys with 
complex designs, integrating the sampling weights. 

 
37. Most of the previous studies used the multilayer perceptron with back-propagation learning 
algorithm, although this neural networks architecture is considered as sub-optimal and non-efficient 
(Vellido et al. 1999). Another neural networks structure – fuzzy min-max neural networks – is tested in 
this paper. Neuro-fuzzy computing is one of the most popular hybridisations in the artificial intelligence 
literature because it offers the generic benefits of neural networks – like massive parallelism and 
robustness – and, at the same time, uses fuzzy logic to model vague or qualitative knowledge and convey 
uncertainty. 
 
38. The fuzzy min-max neural network classifier is a supervised learning method. The original model 
was developed by Simpson (1992). It is a classification method that separates the joint input variables 
space into classes of any size and shape with nonlinear boundaries. Its structure is a three-layer feed-
forward network with one hidden node, where the activation functions are fuzzy sets membership 
functions and the learning consists of incrementally adjusting the number and volume of the fuzzy sets in 
a neural network framework. All input variables in the network are required to correspond to 
continuously valued variables, which can be a significant constraint in many real-world situations. 

 
39. A new procedure that extends the input to categorical variables by introducing new fuzzy sets, a 
new operation and a new architecture has been developed recently (Rey del Castillo and Cardeñosa, 
2011). This method may be used to impute the voting intention from the rest of the variables in the 
dataset proposed. For the purposes of imputation, each class or classification category is matched with 
one of the different values which the variable to be imputed takes. Hence, the imputed value is the 
category of classification, corresponding in this case to the class with the highest degree of membership. 

 
C.  Bayesian networks classifier for imputing categorical data 

 
40. Different Bayesian networks structures have been proposed before to impute missing data in 
classification problems (García and Hruschka, 2005; Hruschka et al. 2007) and also in the field of official 
statistics (Thibaudeau and Winkler, 2002; Di Zio et al., 2004). 
 
41. For the purpose of imputing the voting intention variable, a Bayesian network using the 17 
available variables is constructed. To improve the results, the network structure, that is, the structure of 
dependences between the nodes or variables, is learned in two steps. The first can be considered an 
optimisation problem, where a quality measure of a network structure given the training data must be 
maximised. As several search algorithms and several metrics are available, we use different combinations 
of search algorithms and metrics and, for each of these combinations, select the structure with the best 
score. From the selected structures, in the second step the one which provides the best imputation results 
is finally chosen. The network parameters are then estimated (or "learned", in machine learning jargon) 
by maximum likelihood. 
 
42. The Bayesian network learned is later used as a classifier for imputation, matching each class or 
classification category with one of the voting intention categories. 
 

IV. Comparison of the imputation results  
 
  43. The aim now is to compare the results of the imputations when using the two proposed classifiers 
with the results of a classical method of imputation from the statistical inference perspective. The same 
dataset with the same imputation variable, voting intention, and the same 10 numeric and 6 categorical 
variables will be used in all the experiments. 
 
44. The performance of the methods will be assessed following a practical evaluation criterion 
frequently used in supervised classification procedures: the correctly imputed rate, that is, the percentage 
of imputed values that exactly match the original data over the inputs where voting intention is not 
missing. A ten-fold cross-validation, randomly partitioning the test data (13.280 interviews) into 10 parts 
(folds) is performed. A single fold is retained as the validation data for testing the model, whereas the 



 7

remaining 9 are used as training data. The cross-validation process is then repeated 10 times with each of 
the 10 folds, and the results are averaged to produce a single estimation. The advantage of this method is 
that all the observations are used for both training and validation and each observation is used for 
validation exactly once, while providing non-biased estimations of the correctly imputed rate. 
 
45. The classical imputation method taken as the baseline for comparison must be appropriate to deal 
with numeric and categorical variables as inputs. Use of the multivariate normal as a proxy distribution 
lacks statistical underpinning in this case, where the number of categories of the voting intention non-
ordered variable is really big (11). Consequently, MI using logistic regression on the 16 remaining 
variables – producing 5 imputations for each missing value – was selected. This procedure constitutes the 
state of the art in imputation of opinion polls. As the correctly imputed rate is not defined for MI, we 
calculated it in the logical way, as the average of the correctly imputed rate for each of the 5 complete 
datasets, where each individual imputation is obtained from the remaining 9 folds. The result is a 
correctly imputed rate of 66.0%, generated using SAS/STATS software, version 9.2 of the SAS System 
for Windows, Copyright 2002-2008 by SAS Institute Inc., Cary, NC, USA. 
 
46. The new fuzzy min-max neural networks classifier extended to accept categorical variables as 
inputs has a number of parameters to be tuned at the learning stage, selecting the values which provide 
the best performance. The result of the cross-validation performed over the same 10 folds and for the set 
of parameters with the best score is a correctly imputed rate of 86.1%, obtained using a Fortran program 
with an IBM XL Fortran Enterprise Edition v10.1 for Aix compiler, specially adapted to parallel 
computing. One weakness of the kind of learning used is that the learning set order could have an impact 
on the results. The process was therefore repeated several times with a number of different 
randomisations of the input dataset. The resulting rates were similar, thereby confirming the robustness of 
the method. 
 
47. The figures for the Bayesian networks cross-validation over the same 10 folds were generated 
using the Weka data mining software (Hall et al., 2009). This is an open source project that contains a 
collection of machine learning algorithms and tools that make it easy to test and compare different 
Bayesian networks learning procedures. The result for the network with the best performance – obtained 
using a Hill-Climber search algorithm and an AIC (Akaike Information Criterion) metric – is a correctly 
imputed rate of 87.4%. 
 
  
 

V. Final remarks 
 
 From the discussion and the results set out above, a number of general comments may be made: 
  
• The results reported here apply to one specific opinion poll. However, it must be emphasised that 

differences of a similar order of magnitude – about 20 to 22 percentage points – between the machine 
learning classifiers on one side, and the logistic regression MI on the other, have been found 
whenever the three methods have been compared using datasets from other opinion polls. That is, 
assuming that the correctly imputed rate is a valid evaluation criterion for comparing the methods for 
imputation of categorical data, the machine learning classifiers clearly outperform classical statistical 
inference procedures such as logistic regression MI. 

• This paper presents the simplest case where there are missing data exclusively on one of the 
variables. Further studies are needed to extend the results to more real situations with non-response 
on most of the variables. 

• Machine learning procedures seem easier to automate. Apart from non-dependence on model 
assumptions, other plausible reasons should be further tested: 

- The step of selection of the auxiliary variables – something that needs to be done with care in 
statistical inference – is not required because the procedures fit appropriately to the existing 
variables, not breaking down when the number is large. 

- The presence of outliers, especially dangerous with numeric variables, has less impact on the 
results, that is, the procedures are more robust. 
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• If the above assertions are true, the machine learning imputation methods may be used for massive 
imputation tasks. This could be a solution to problems such as integration of data from different 
surveys, small area estimation and others that must be addressed in the domain of statistical surveys 
and which are difficult to solve using deletion or tolerance procedures for dealing with non-response. 

• The previous comment follows from the study of imputation of categorical variables, but it is 
possible that similar conclusions may be drawn on numeric variables. 

• An interesting task for the near future could be to test the hypotheses set out above. 
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