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Abstract: This paper discusses the EUREDIT project, a large research project that involves twelve 
participating organisations in seven countries over a period of three years. Its aims include developing new 
methods that are faster, more efficient, and more flexible, and also a methodology for comparing methods so 
that informed choices can be made on the most appropriate methods to be used in a particular situation. A 
range of statistical criteria have been developed for comparing different edit and imputation methods that are 
appropriate for different types of analyses and data. The project and its methods are described, and progress 
is reported. The project has now entered its final year and some 32 papers on interim results were presented 
at the project meeting in March 2002. Experimentation on individual methods will continue until July, and 
subsequently methods will be compared according to the established criteria, with conclusions published in 
Spring 2003. 
 
I. INTRODUCTION 
 
1. Current imputation methods are typically based on simple statistical ideas such as nearest neighbour, 
but little is known about the comparative performance of each method across the wide variety of data sources 
used. For the purposes of this paper we define “edit” as error localisation, i.e. identifying doubtful or 
erroneous data values. Once incorrect (or missing) values have been identified they will need to be corrected. 
Imputing new values is often preferred over the alternative of re-weighting because of its simplicity and 
because imputation provides a dataset that can easily be used by many different future users. 
 
2. Research and development is needed to identify edit and imputation (E&I) methods: 
 
• That improve the efficiency of the edit/ imputation process compared with current methods 
• That improve the quality of the edit/ imputation process compared with current methods 
• Are faster than current methods 
• Can cope with complex data structures that are difficult to specify in terms of simple edit rules 
• Can deal with mixtures of discrete and continuous data 
• That ensure consistency with all edit rules specified 
• That limit edits selectively to those that really affect data quality (e.g. automatic macro-editing 

algorithms/ significance editing) 
• Incorporate auxiliary data in edit and imputation (e.g. previous survey or administrative data) 

                                                      
1 Prepared by John Charlton (john.charlton@ons.gov.uk). 
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3. Research is also required to: 
 
• Investigate, develop and evaluate new methodologies that have a bearing on E&I 
• Assess robustness of different imputation methods and their effects on outcomes including multivariate 

analyses of data with imputations 
• Identify the merits of different E&I methodologies for different data/ analysis requirements 
• Establish when to automatically impute/ contact data supplier when edit failures occur 

 
4. Advances in methods and computing capabilities have made possible the application of more 
complex statistical modelling techniques. There have been developments in statistics including: outlier-robust 
statistical methods (Chambers 1986; Chambers and Kokic 1993); non-parametric regression (Breckling and 
Sassin 1995); neural networks, including multi layer perceptron (Nordbotten 1995), correlation matrix 
memory (Austin 1996; Austin and Lees 1999), self-organizing maps (Kohonen 1989), and support vector 
machines (Vapnik 1996). These new approaches will be discussed briefly in the presentation. The above 
methods are all currently being evaluated in a project called EUREDIT. 

 
II. THE EUREDIT PROJECT  
 
A. Project objectives 
 
5. We describe here the research undertaken in a large multi-national collaboration (see 
http://www.cs.york.ac.uk/euredit), involving twelve partners from seven countries, largely funded by the 
European Commission and aimed at meeting many of the needs mentioned above. EUREDIT will combine 
recent developments in statistical and computer science to develop and evaluate novel edit and imputation 
methodologies, focusing on the use of new statistical, neural network and related methods for edit and 
imputation in large-scale statistical data-sets. The project should establish a general framework in which new 
E&I methods, both within the project and beyond, can be evaluated in comparative terms, so that the choice 
of appropriate methods, depending on data type, error types, and intended application, should be easier for 
users in the future. The study will be based on real data and real problems encountered in official statistical 
data. The project has the following objectives: 
 
i) To establish a standard collection of data sets for evaluation purposes 
ii) To develop a methodological evaluation framework and develop evaluation criteria 
iii) To establish a baseline by evaluating currently used methods. 
iv) To develop and evaluate a selected range of new techniques. 
v) To evaluate different methods and establish best methods for different data types. 
vi) To disseminate the best methods via a software CD and publications. 
 
6. EUREDIT is organized in 9 work-packages (WPs). These have the following main tasks: 
 
i) Project management 
ii) Selection and compilation of datasets for evaluating methods 
iii) Determining objective quality criteria for evaluating methods 
iv) Develop and test selected new methods for error location 
v) Develop and test selected new methods for imputation 
vi) Evaluation and validation of results from WP 4 and WP 5. 
vii) Integration of methods into a package for wider dissemination 
viii) Dissemination and exploitation 
ix) Project evaluation  (internal) 
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WP 4 and 5 are subdivided into 5 and 7 sub-work-packages, in which different new methodological 
approaches are studied by teams of interested partners. 
 
B. Participants 
 
7. Partners in the EUREDIT project include national statistics institutes (NSIs), universities and private 
organizations. The partners should represent  a comprehensive knowledge of statistical production, research 
in statistics and areas of emerging technologies, computer implementation of methods evaluated and 
recommended, and end users. The NSO’s partners are the Office for National Statistics (ONS) UK,  Statistics 
Netherlands (CBS),  Statistics Finland,  Swiss Federal Statistical Office (SFSO), ISTAT, Italy, and Statistics 
Denmark (DSt). The universities represented are: University of Jyvaeskylae – Finland; Royal Holloway and 
Bedford New College – University of London, University of Southhampton, UK,  and  University of York, 
UK. The  Numerical Algorithms Group (NAG), UK,  and Qantaris GmbH are the partners representing 
computer implementation and end users. 
 
C. Investigation of currently used methods 
 
8. In both WP 4 and WP5 it is considered important to establish benchmarks to which the new methods 
can be compared and evaluated.  An effort is made to obtain access to the E&I methods currently used and 
considered successful. Even though these methods are in current use, they have to be adapted for use with the 
standards and formats required in EUREDIT. 
 
9. Among the methods/packages considered are: 

• Canadian Edit system (NIM/ CANEDIT, GEIS) from Statistics Canada.  
• Agricultural Generalized Imputation and Edit System (AGGIES) from US NASS. 
• Cherry-Pie from CBS in the Netherlands.  
• Donor Imputation System (DIS) from the UK ONS.  
• Automatic Control and Imputation System (SCIA) and CONCORD from Italian ISTAT.  
• Multivariate regression/ classification trees and MCMC for imputation 
• SOLAS, SAS, NORM, SPSS MVA, including multiple imputation. 

Some methods may work well in special fields, other will work best in other. It will therefore be necessary to 
have several benchmark methods for the evaluation of the new methods. 
 
D. Development of new methods 
 
10. The new methods, which will be implemented and tested, include: 
(A) Multivariate robust methods;  
(B) Multi-layer perceptron (MLP);  
(C) Correlation matrix memories (CMM); 
(D) Self-organising maps (SOM);  
(E) Support vector machines (SVM); and  
(F) New methods for panel data and time series. 
In EUREDIT, all new and standard methods are tested on standard data sets so results can be compared. 
 
(A) Multivariate robust methods 
 
11. A very important aspect of statistical data editing is outlier detection. Besides graphical tools, which 
are of limited use in high dimensions, robust mathematical algorithms can be used to detect outliers. 
Imputation of continuous variables in the presence of outliers needs robust methods to give plausible results. 
The methods will address the following problems: 
• Treatment of high dimensional datasets with continuous and categorical variables; 
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• Treatment of missing item values 
• Distinction between non-representative and representative outliers in data (Chambers 1986; Chambers 

and Kokic 1993). 
• Adaptation to the concept of sample surveys, taking account of survey weights 
• Choice of level of aggregation that should be used for outlier detection - outliers may appear and 

disappear according to which reference population is used 
• Error localisation within continuous variables and between categorical and continuous variables 
  
12. New methods for outlier detection, robust imputation and outlier robust estimation have been 
developed and implemented and are now being evaluated. These include methods using a Mahalanobis 
distance with a robust covariance estimator. Simple covariance estimator methods should be directly 
computable without iteration or searches. They should be particularly useful as basic steps for tree-based 
methods. The newly developed SMP method takes bivariate Spearman correlations as starting point  (cf. 
Gnanadesikan and Kettenring 1972) and ensures positive definiteness of the resulting covariance matrix by 
back-transforming the diagonal matrix of robust scales in the direction of the principal components. Complex 
covariance estimator methods are based on some iterative or other high- cost robust computation of a 
covariance matrix  and include: 
- Minimum covariance determinant  
- Modified Stahel-Donoho estimator (Stahel 1982, Donoho 1982, Franklin et al. 2000) - an iterative 

method based on projection techniques. 
 
13. Another approach is based on growing of a good subset of the data using iterative computations of  
the empirical covariance matrix on a subset of non-outlying observations. These methods end  with the 
partition of the dataset in two parts, good points and outliers: 
- Kosinski algorithm (Kosinski, 1999 and De Boer and Feltkamp, 2000). Here several small subsets are 

selected as starting points of a two levels iterating algorithm.. 
- BACON, Blocked Adaptive Computationally efficient Outlier Nominators (Billor, Hadi and Velleman 

2000). Here one initial subset is selected and an the algorithm adds and excludes points according to an 
outlier criterion. 

- Atkinson forward search starts with a good subset and adds one point at a time. 
 
14. Data depth methods are based on some notion of data depth (and have high computation costs). 
They include:  
- Methods using simplicial depth (Liu 1990, 1999) or a similar depth with high computation cost. 
- Multivariate M-quantiles (Breckling and Chambers 1988). 
- A stochastic type of data depth is realised by the Epidemic Algorithm (EA). The EA simulates an 

epidemic starting from a robust center. Outliers are detected by their late infection (Hulliger and Béguin 
2001). 

 
15. Tree-based methods are based on classification and regression trees that incorporate robust 
measures and weighting. They include: 
- Outlier detection using WAID’s (weighted automatic interaction detection) classification/regression tree 

methodology to build a robust "tree" that explains the sample distribution in terms of categories defined 
by some covariate known for the whole population. Outliers will be detected as early formed and small 
terminal nodes in the tree. The splitting criterion for the forming of child nodes is robust. For more detail 
see Chambers 2000. 

 
16. The search for an optimal partition intends to determine the best reference population in the sense 
that an overall discrepancy measure is minimised over possible partitions based on a (categorical) covariate 
X. The partitioning is done recursively, e.g. by WAID. 
Error localisation in a mixed set of variables (continuous Y and categorical X) tries to compare the reduction 
in outlyingness of the continuous variables Y of an observation when we change the observation to a 
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different reference population than the one it belongs to according to its covariates X. If the reduction in 
outlyingness is large compared with the change in the covariates we may decide that the covariates X are in 
error instead of the variables Y.  
 
Imputation methods 
 
17. The Winsorization approach assumes that there is a region A of acceptable values for Y. An outlier 
is then replaced by the value of A which is closest to it. A variant is that we do not have a region but a set of 
observations that have acceptable values of Y. Then we choose the observation closest to the considered 
outlier for imputation. This is a Nearest Neighbour method where donors belong to the non-outlying 
observations. We may relax the definition of closeness to include a set of acceptable observations as 
candidates (donors) for imputation to a certain outlier. Then we may impute from this set randomly, 
eventually with varying probabilities. The case where the variables X are considered in error can be 
subsumed here. Then the X-values of observations of the reference population will be imputed instead of Y 
values. Again the distance to the original X may play a role in the definition of the set of donors or in the 
probability to choose a donor. This is a random nearest neighbour imputation with. 
 
18. Robust estimation and reverse calibration assume that there is a particular estimation problem, 
maybe multivariate, and that we have a robust estimate. Note that a robust estimate solves the problem of 
outlier detection and (implicite) imputation at the same time. To turn the estimate back into an imputation 
method we stick to the robust estimate and look for values of Y which, together with the weights, yield the 
robust estimator as a weighted mean (See Chambers 2000). As estimation methods robust calibration 
(Duchesne 1999), M-estimators (Chambers 1986), adaptive censoring (cf. Searls 1966) and adaptive 
winsorisation (Chambers, Kokic et al 2000) are considered. 
 
(B) Multi-layer perceptrons (MLP). 
 
19. The multi-layer perceptrons (MLP) or feed-forward neural networks (NN) can be considered as very 
primitive models of biological neural networks.  From being a tool mainly of interest for a few groups in 
biology and physics, mathematicians and statisticians have more recently become aware of MLP.  In 
statistics, a number of articles and books have been devoted to the relationship for instance between MPL and 
multivariate theory (Bishop 1995). It has so far been tested out as an E&I method on several data sets 
(Nordbotten 1995, 1996, 1999).  An MLP application is based on  a network trained with a small 
representative sample of statistical records that have been edited as well as possible by human experts.  
 
20. Assuming that if a large number of human experts were available at no cost, human editing would 
give the best results and be preferred. As less expensive substitutes, traditional, automatic editing methods 
are based on retrieval and formalisation of the knowledge of experts. Experience indicates that this kind of  
‘knowledge engineering’ is difficult because people have problems in expressing their expertise.  
 
21. Application of MLP networks takes another approach.  The experts are asked to use their expertise 
on a small sample of records, and the networks are trained to imitate the experts.  The trained networks can 
later be applied for editing as well as imputation of all records. In addition to providing training material, the 
small edited sample can also be sub-divided into a training sub-sample used for training and a separate test 
sub-sample used to estimate imputation errors.  Both samples will finally be an important   source for 
knowledge about where and how errors are generated. 
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(C) Correlation matrix memories (CMM) 
 
22. AURA models are used to here to implement a k-nearest neighbour (k-NN) approach to imputation. 
The implementation of the k-NN using AURA technology has been described in (Zhou et al 1999) and (Zhou 
and Austin 1998). It has been demonstrated that:  

• The results obtained by a statistical k-NN technique can be reproduced using a neural network 
implementation of the technique. 

• The speed can be improved significantly 
 
23. The significant difference between the MLP and the AURA techniques lies in data space reduction. 
MLP systems attempt to reduce the dimensionality of the data space and represent it by a number of simpler 
functions. This model is then used to reproduce the output values. AURA models, however, attempt to learn 
all of the training data, albeit in a compressed form. The difference is obvious when the output function is 
highly non-regular – the MLP will over-smooth the output space, and produce estimates based only on the 
gross structure of the output function. The AURA technique retains the detailed structure of the output 
function and will return the closest points in the known, detailed output space to any new input. The corollary 
of this is that it may be poor at generalising outside the space spanned by the training data. These results – the 
closest neighbours in the output space – still need to be combined in some way to give the required result. 
The parameter k tells the system how large a neighbourhood around the test point should be combined to give 
the output. The appropriate value of k can be obtained by testing with a range of values. The sensitivity of the 
performance to the value of k is a measure of the regularity or complexity of the output space. 
(D) Self-organizing maps (SOM) 
 
24. Early versions of the self-organising map (SOM) were developed by Kohonen (1982). It is closely 
related to principle curves (Hastie 1989) and surfaces (Tibshirani 1992). The princpal approach adopted by 
EUREDIT is a tree-structured variant of SOM (TS-SOM), using software developed by the University of 
Jyvaskyla, Finland, called Neural Data Analysis (NDA) (Häkkinen 2001; Kohonen1997; Koikkalainen, P. 
and Oja, 1990). The basic SOM defines a mapping from the input data space Rn onto a latent space consisted 
typically of a two-dimensional array of nodes or neurons. The Tree-Structured Self-Organizing Map is made 
of several SOMs arranged to a tree structure (see Figure 1). The topmost layer (L = 0) has one neuron. Layer 
1 has four neurons in two-dimensional and two neurons in one-dimensional case. Thus, each neuron has its 
own associated subgroup of data, four subgroups on layer 1 but one group, the data set itself on layer 0. The 
complexity of the SOM model is controlled by the degree of smoothing – without smoothing every data point 
in the training set will be included in the map, and with infinite smoothing SOM approximates the largest 
principal component subspace of the data. In TS-SOM the number of neurons allowed determines the degree 
of smoothing. 
 
Figure 1. Illustrations of one and two-dimensional TS-SOM structures. 
 

         
 
25. Editing (localization and correction of errors) can be logical (check conflicts with logical edit rules) 
or model-based (find observations that cannot be explained by the model). Models can be built from clean 
data or using robust training algorithms. The clean part of the data is assumed simpler than the erroneous 

Layer 0 
(root) 
 
Layer 1 
2-node SOM 
 
 
Layer 2 
4-node SOM 
 

Layer 0 
(root) 
 
Layer 1 
4-node SOM 
 
 
Layer 2 
16-node SOM 



 7

part. After a certain level of complexity the model is expected to separate clean data from errors. Error 
detection of a single observation is done such that the model classifies the observation space into possible 
and not possible observations. There is also distribution detection where the projection of the data is 
compared with the distribution for clean data – significant differences indicate errors. 

 
26. A natural approach to imputing the missing values is to impute values within the clusters located by 
associated neurons. A simple starting point is to derive analogous processes from the classical imputation 
methods. Nearest neighbour imputation can be made by filling missing components of the data vector from 
the nearest data vector within the same cluster. Group means imputation (replacing the missing value by the 
average value of the observations belonging to the same class/subgroup) can be made by taking the centroid 
of the cluster, mb, and replacing the missing component j of the data vector xi by corresponding mb(j), which 
is actually the fastest way to impute.  More complex, regression based, imputation modelling can also take 
advantage of TS-SOM mapping.  (See paper 29 for early results) 
 
(E) Support vector machines (SVM) 
 
27. The support vector machines (Vapnik 1996) is a new tool for prediction and function estimation.  
Given a training set of input-output pairs (x1,y1) , (x2,y2) … (xn,yn) ∈ Rn ✕ {±1}, the SVM algorithm 
estimates a function f such that, for (x,y) drawn according to the same distribution, P(X,Y) as the 
training set, f(x) = y. The SVM can be adapted to perform multi-class classification (y ∈ {1,2,..N}) and 
regression (y ∈R ). The SVM  presented here is an extension of the perceptron algorithm. The 
perceptron learns a linear discriminant function,  f(x) = sign( +w • xi, + b).  The SVM extend this 
algorithm in two respects. It introduces non-linear decision surfaces, and a means of avoiding 
overfitting,  The latter will be explained below. The former is achieved through a non-linear projection of 
the data into a higher dimensional feature space prior to estimation of the linear discriminant. The linear 
model learned in this space is equivalent to a non-linear model in the input space. For example, a point X in 
R3 with position, (x1,x2,x3)t could be projected to the new space R5 with coordinates X’ = 
(x1,x2,x3,c1x1

2,c2x2
2)t. The SVM algorithm finding a linear discriminant function in this feature space is 

equivalent to the estimation of a polynomial discriminant in the original space R3. The second extenstion of 
the perceptron algorithm concerns capacity control or regularisation. The SVM achieves good 
generalisation by choosing a discriminant function that maximally separates the two classes in the 
feature space. The euclidean distance between the closest point and the decision surface is known as the 
margin. Maximising the margin acts as a form of regularisation. This is due to constants ci  that are 
associated with the added dimensions. (c1 and c2 in the example above). Their effect is to penalise 
discriminants that exploit the new features. This SVM algorithm can be formulated in such a way that it 
only requires the calculation of the dot product  + • ,,  between training points. Moreover in test or 
prediction phase, test points also only occur as dot products: f(x) = sign( +w • xi, + b). An algorithm with 
this feature is known as having a  ‘dual form’. The SVM algorithm exploits the dual form by finding 
functions that perform the non linear projection described above, and the dot product in one step. Thse 
‘kernel functions’ K(x,y) equate +N(xi) • N(xj),. The positions of the points in the feature space are in fact 
never calculated. There are many choices of kernel function, some of which have implicit feature spaces 
of infinite dimension. Such feature spaces provide a large number of models. Maximising the margin 
however is able to effectively choose the model with lowest capacity. 
 
28. Data sets where missing variables are correlated with observed ones may be handled effectively 
by this tool, as long as enough training data (fully observed pairs (x,y)) can be extracted. However, if no 
such relationship exists it is likely that prediction tools such as the SVM, or the multilayer perceptron 
(MLP) will approximate a mean imputation.  
 
29. Variance in the variable will then be underestimated, and the marginal distribution will not be 
preserved. Simpler methods, such as donor imputation, would be better suited to such data structures.  
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This extended perceptron algorithm can be reformulated as a convex quadratic programme. Such QPs are 
well understood and efficient methods exist for solving them.  
 
 
(F) New methods for panel data and time series 
 
30. Multivariate M-quantiles for outlier identification are being investigated for time series data. The 
objective in this part of the EUREDIT project is to develop a method for non-parametric multivariate outlier 
detection that has a probabilistic interpretation under an appropriate multivariate distribution model, but 
which is robust against reasonable depatures from this model. The method under consideration is based on 
multivariate M-quantiles, (Breckling and Chambers1988; Breckling, Kokic, and Lübke (2001). Each M-
quantile, θrp, is defined in terms of a unit direction vector, r, and a value 0 ≤ p ≤ ½, where values of p close to 
0 lie in the extremities of the data, and those with p close to ½ lie in the centre. By inverting this procedure a 
p-value can be determined for each point in a data set: - hence those points with small p-values can be 
consider as outlying. However, due to the highly nonparametric nature of the multivariate M-quantiles all 
points on the convex hull of the data set will be automatically identified as outlying (p = 0), which is an 
undesirable result. To solve this problem we begin at the other extreme by making a specific distributional 
assumption about the underlying data. We then introduce a parameter that determines the degree to which 
this distributional assumption enters the final estimating equations or alternatively, the degree to which 
departures from the distribution assumption can be tolerated. In the process a mapping is obtain from p to a 
probability-based measure of “outlyingness” under the assumed distribution. A procedure, somewhat similar 
to ridge parameter selection in ridge regression, is proposed for the selection of the mixing parameter. This 
approach permits the greatest departures from the base distribution feasible while overcoming the problem 
described above. 
 
31. A number of methods are being considered for imputation for panel time series data. The objective in 
this case is to investigate the performance of a range of increasingly sophisticated imputation methods for 
panel time series data. They are being tested against a financial data set, which consists of a mixture of time 
series for US and UK shares, bonds and simple share options. Special techniques for financial time series are 
also being examined in this work. Amongst the basic approaches considered, essentially for the purposes of 
benchmark comparisons with more sophisticated approaches, are the methods of last-value carried forward, 
linear interpolation, Black-Scholes pricing, and standard term structure pricing of bonds. The new methods 
being investigated include univariate and vector ARMA, linear and non-parametric regression and multilayer 
perceptron models for imputation. Since most of these methods utilise other time series as covariates, which 
themselves contain missing observations, the EM algorithm (Dempster, Laird and Rubin, 1977) is an 
appropriate tool. This algorithm considerably simplifies the process of estimating the parameters in the 
underlying model through maximum likelihood techniques (in the M-step). Nevertheless it is still necessary 
to develop approaches that fully utilise all observed information (in the E step) since, unlike the forecasting 
problem in time series, data is usually available both before and after the missing observations. Thus the 
development of appropriate methods and algorithms for each model is a major undertaking in this part of the 
EUREDIT project. 
 
 
E. Experimentation based on standard datasets 
 
32. The standard evaluation datasets comprise: the UK Census (1 percent sample of anonymised 
household records); stock price time series; Danish registry data linked to their labour force survey; the UK 
Annual Business Enquiry; a Swiss Environmental Protection Expenditure survey; and the German Socio-
economic Panel Survey (GSOEP).  
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F. Evaluation - Determining the best E&I methods for different situations 
 
33. A key aspect of the EUREDIT project will be its focus on evaluation of the methodologies for edit 
and imputation that will be investigated. Work on the statistical evaluation criteria is now complete, and was 
presented at the 2000 UN/ECE meeting (paper 5 - see EUREDIT web site for fuller version). Here we briefly 
describe the evaluation criteria adopted by EUREDIT in order to achieve this aim. In doing so, we need to 
distinguish between criteria aimed at assessing editing performance and those developed to assess imputation 
performance. 
 
34. Editing can be of two different types, logical (pre-defined rules must be obeyed) and statistical (a 
value is unlikely – it might be wrong). Here we shall be concerned with evaluation of overall editing 
performance (i.e. detection of data fields with errors). This is not the same as error localisation, which 
corresponds to deciding which of the fields in a particular record that "fail" the edit process should be 
modified. The key aspect of localisation performance is finding the "smallest" set of fields in a record such 
that at least one of these fields is in error. The localisation performance will be measured using a Gini-type 
index provided the editing procedure produces a "score" corresponding to the probability that a field is in 
error. The main focus of EUREDIT, however, will be on error detection. In this context, two performance 
criteria will be investigated: efficient error detection (ability to detect as many errors as is feasible) and 
influential error detection (ability to detect the errors that would lead to significant errors in the analysis 
unless detected). Efficient error detection can be evaluated in terms of both the number of errors correctly 
identified and the number of incorrect detections made. In this context, let Yij denote the observed value for 
the jth item and the ith sample case. The corresponding "true" value is  Yij

* . The editing process itself is 
characterised by a set of variables Eij that take the value one if the measured value Yij passes the edits (Yij is 
acceptable) and the value zero otherwise (Yij is suspicious). For each variable j we can therefore construct the 
following cross-classification of the n cases in the dataset: 
 

 Eij = 1 Eij = 0 
Yij =   Yij

*  naj nbj 

Yij ≠   Yij
*  ncj ndj 

 
Then ˆ α j = ncj/(ncj+ndj) is the proportion of cases where the value for variable j is incorrect, but is still 
accepted by the editing process. It is an estimate of the probability that an incorrect value for variable j is not 
detected by the editing process. Similarly ˆ β j = nbj/(naj +nbj) is the proportion of cases where a correct value 
for variable j is judged as suspicious by the editing process, and estimates the probability that a correct value 
is incorrectly identified as suspicious. Finally, ˆ δ j = (nbj + ncj)/n is an estimate of the probability of an 
incorrect outcome from the editing process for variable j, and measures the inaccuracy of the editing 
procedure for this variable. A good editing procedure would be expected to achieve small values for ˆ α j, ˆ β j 
and ˆ δ j for all p variables in the data set. 
 
35. Turning now to efficient influential error detection, the aim here is not so much to find as many 
errors as possible, but to find the errors that matter (i.e. the influential errors) and then to correct them. From 
this point of view the size of the error in the measured data (measured value - true value) is the important 
characteristic, and the aim of the editing process is to detect measured data values that have a high 
probability of being "far" from their associated true values. In this context, one can view the editing 
procedure as leading to a set of post-edit values defined by *)1(ˆ

ijijijijij YEYEY −+= . The key performance 

criterion in this situation is the "distance" between the distributions of the true values *
ijY  and the post-edited 

values ijŶ . The aim is to have an editing procedure where these two distributions are as close as possible, or 
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equivalently where the difference between the two distributions is as close to zero as possible. A number of 
measures of this difference can be calculated, based on the moments and distribution of the post-edited errors 

)(ˆ **
ijijijijijij YYEYYD −=−= , see section 2.4.1 of Chambers (2001). When survey weights are available, 

these measures are also weighted. 
 
36. Note that statistical outlier detection is also a form of editing. As with "standard" editing, the aim is 
to identify data values that are inconsistent with what is expected, or what the majority of the data values 
indicate should be the case. However, in this case there are no "true" values that can be ascertained. Instead, 
the aim is to remove these values from the data being analysed, in the hope that the outputs from this analysis 
will then be closer to the "truth" than an analysis that includes these values (i.e. with the detected outliers 
included) 
 
37. Finally, it is important to note that in many cases the measures described above will vary across 
subgroups of the data. An important part of the evaluation of an editing procedure will therefore consist in 
showing how these measures vary across identifiable subgroups. For example, in a business survey 
application, the performance of an editing procedure may well vary across different industry groups. 
 
38. Imputation is the process by which missing or suspicious values are replaced. Here we shall only 
concern ourselves with assessing the imputation of identifiable values, i.e. where we know the records in the 
data set that need to be imputed (e.g. because they were detected as incorrect by an edit process and set to 
"missing"). Ideally an imputation procedure should be capable of effectively reproducing the key outputs that 
would have been obtained from “complete data”. Since this is impossible a number of alternative criteria for 
imputation performance have been identified. These are defined below in order of those that are hardest to 
achieve to those that are easiest, but not necessarily in order of desirability. 

• Predictive Accuracy: The imputation procedure should maximise preservation of true values. That is, 
it should result in imputed values that are "close" as possible to the true values. 

• Ranking Accuracy: The imputation procedure should maximise preservation of order in the imputed 
values. That is, it should result in ordering relationships between imputed values that are the same (or 
very similar) to those that hold in the true values. 

• Distributional Accuracy: The imputation procedure should preserve the distribution of the true data 
values. That is, marginal and higher order distributions of the imputed data values should be 
essentially the same as the corresponding distributions of the true values. 

• Estimation Accuracy: The imputation procedure should reproduce the lower order moments of the 
distributions of the true values. In particular, it should lead to unbiased and efficient inferences for 
parameters of the distribution of the true values (given that these true values are unavailable). 

• Imputation Plausibility: The imputation procedure should lead to imputed values that are plausible. 
In particular, they should be acceptable values as far as the editing procedure is concerned. 

Note that not all the above properties are relevant to every imputed variable. For example, ranking accuracy 
requires that the variable is at least ordinal, while distributional and estimation accuracy are identical when 
the imputed variable is not scalar. 
 
39. Generally, imputation plausibility can be checked by treating the imputed values as measured values 
and assessing how well they perform relative to the statistical editing criteria described earlier. However, 
methods for evaluating imputation performance relative to the other criteria listed above depend on the scale 
of measurement of the variable being imputed. To illustrate, suppose the variable being imputed is 
categorical. The distributional accuracy of the imputation procedure can then be assessed using an extension 
(Stuart, 1955) of McNemar’s statistic (without a continuity correction) for marginal homogeneity in a 2 × 2 
table. This is 

 [ ] )()()( 1 SRTTSRSR −−−+−=
−tt diagW  
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where R is the c-vector of imputed counts for the first c categories of the variable, S is the c-vector of actual 
counts for these categories and T is the square matrix of order c corresponding to the cross classification of 
actual vs. imputed counts for these categories. Under relatively weak assumptions about the imputation 
process (essentially providing only that it is stochastic, with imputed and true values independently 
distributed conditional on the observed data), it can be shown that large n distribution of W is chi-square with 
c degrees of freedom. Similarly, the predictive accuracy of an imputation procedure for a categorical variable 
can be assessed via the statistic 

 ∑
=

− =−=
n

i
ii YYInD

1

*1 )ˆ(1  

where   
ˆ Y i  denotes the imputed version of Yi and  Yi

*  is its true value. Provided we cannot reject the 
hypothesis that the imputation method preserves the marginal distribution of Y, we can estimate the variance 
of D by 
 { }1TTSR1 )()()(ˆ 21 diagdiagnnDV t −−+−= −−  = n-1(1  D) 
where 1 denotes a c-vector of ones. If the imputation method preserves individual values, D should be 
identically zero. For an ordinal scale variable the issue of ranking accuracy is important. In this case a 
weighted version of D 

 ∑
=

−=
n

i
ii YYdnD

1

*1 ),ˆ(  

can be used. Here d(t1, t2) is the "distance" from category t1 to category t2. Large values of this statistic are 
indicative of weak ranking accuracy for an imputation procedure. 
 
40. Finally, it can be argued that an editing and imputation system is essentially useless, no matter how 
excellent its statistical properties, unless it can be practically implemented. Consequently it is vital that any 
such system demonstrates its operational efficiency before it can be recommended by the EUREDIT project. 
In particular the resources needed to implement and maintain the system (both in terms of trained operatives 
and information flows) need to be spelt out. Comparison of different editing and imputation systems in this 
way is of necessity qualitative, but that does not diminish its importance. 

 
41. The evaluation comparing all methods in different situations should be available by April 2003. 
There will also be a CD Rom available, containing prototype software and documentation.  
 
 
III. RESULTS OF THE EUREDIT PROJECT 
 
42. The first public result of the EUREDIT was the establishment of a website, 
http://www.cs.york.ac.uk/euredit . The partners will present their results in research papers and journal 
articles and there will be a final report comparing all methods according to the different types of data to 
which they were applied.  Some 40 interim papers have already been prepared and are available for review 
by project partners. At this stage however not all methods have been applied to all evaluation datasets, and it 
is thus too early to draw valid comparisons. The Data-Clean2002 conference planned to immediately follow 
this workshop will disseminate and discuss preliminary findings – see http://erin.mit.jyu.fi/data-clean . 
Proceedings will be compiled from the presentations and discussions, and these will be made available for 
the statistical community. The EUREDIT project goals also include integration of E&I methods and 
implementation into a prototype software system. This will be available on CD-ROM with documentation. 
Some of the data used by the project will also be made available in anonymised form to permit external 
researchers to compare their methods with the EUREDIT methods. It is intended that the results will aid the 
identification of current best methods for different types of data. 
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IV. CONCLUSIONS 
 
43. EUREDIT is an ambitious project involving over thirty researchers. By 2003 it should have 
evaluated the major new methods for statistical editing and imputation, established a methodology for future 
evaluations, and made a substantial contribution to knowledge of how different methods compare for 
different types of data. 
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