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Abstract

Data files collected by a statistical office generally contain errors. Snce aggregate
data such as totals and means are usually published, small errors in the data files are
acceptable. However, relatively large errors have to be corrected in order to obtain
acceptably accurate results. Correcting data can be done in many ways. Traditionally, it is
done manually. Over the years several methods to make the traditional editing process more
efficient have been developed. Examples of such methods ar e selective editing, macro editing,
graphical editing, and automatic editing. A few years ago Statistics Netherlands initiated the
development of a general system for automatically editing and imputing economic data called
CHERRYPI. In this paper, the present functionality of CHERRYPI and its planned role in the
editing process is discussed.
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l. INTRODUCTION

1. Datafiles collected by a statistical office generally contain errors. These errors may
arise for anumber of reasons: arespondent may have misundestood some questions; he may
have made mistakes while answering the questions; his database maycontain errors; at the
statistical office, mistakes may have been made while transferring the data from tle
guestionnaires to the computer system, etc.

2. Since aggregate data such as totalsand means are usually published, small errorsin
the data files are aceeptable. Small errors will often cancel out when aggregated. However,
relatively large errors have to be corrected in order to obtain acceptably accurate results.

3. Correcting data can be done in many ways. Traditionally, it is done manually, i.e
each record is checked either manually or by a computer and, if necessary, is correctd
manually. However, thisis atime and money consuming process. Over the years, several
methods to make the traditional editing process more efficient have been developed
Examples of such methods ae selective editing (cf. Cruddas, 1995; Engstrom, 1995; Van de
Pol, 1997), macro editing (Barcaroli, Ceccaelli and Luzi, 1995; Granquist, 1995; Van de Pol
and Diederen, 1996), graphical editing (cf. Engstrom and Angsved, 1995; Buijs and Van de
Pol, 1996; Esposito, Lin and Tidemann, 1997; Weir, Emery and Walker1997), and automatic
editing (cf. Kovar and Withridge, 1990; Bankier et al., 1995;Winkler, 1996; Barcaroli and
Venturi, 1997; Winkler and Petkunas, 1997).

4, A few years ago Statistics Netherlands initiated the development of a general system
for automatically editing and imputing economic data called CHERR PI (cf. De Waal, 1996).

In this paper the present functionality of CHERRY PI and its planned role in the editig

processisdiscussed. Thefunctionality of CHERRY Pl is examined in Section Il. In Section
I test results of CHERRY Pl are briefly discussed. A ecipe for using CHERRY PI in practice
isgiven in Section IV. In the final section, Section V, some conclusions are drawn.
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[, THE FUNCTIONALITY OF CHERRYPI
Technical remarks

5. CHERRY PI has been written in Borland DELPHI 2.0, and runs under Windows '95.
Itissuited for parallel computing on ®veral PC's in a network, but it can also run on asingle
PC.

The edits

6. The edits that can be handled by CHERRY PI can be written as

Axb (2.1)
where A is a constant matrix, b is a constant vector, andx is a vector corresponding to the
valuesin a given record. The matrix A and the vector b together define the set of edits. For
each stratum a different set of edits can be defined. To enter the set of edits for each stratum
quickly and easily, an interface has been developed.

Error localisation

7. The error localisation method of CHERRY Plis based on the Fellegi-Holt paradigm
(cf. Fellegi and Holt, 1976). Accordingto this paradigm a minimum number of fields should
be imputed so tha all edits are satisfied. Optionally, aweight may be assigned to each field
indicating how trustworthy one considers the value of thisfield. The higher the weight of a
field, the more trustworthy one considersthe value of thisfield. In case weights are assigned
to the fields CHERRY PI minimises the weighted number of fields such that all edits ae
satisfied.

8. To determine the fields that should be imputed according to the~ellegi-Holt paradigm,
CHERRY PI applies the algorithm of Chernikova (f. Chernikova, 1964 and 1965; Rubin
1975). This algorithm generates a subset of the vertices of a set of linear inequalities
Chernikova's algorithm can be used to determine tte fields that should be imputed (cf. Sande,
1978). However, the basic algorithm is too slow to be useful in practice. Severa
improvements by Statistics Canada to speed up the errorlocalisation (cf. Schiopu-Kratina and
Kovar, 1989) have been implemented in CHERRYPI. Through these improvemens
CHERRY PI has become fast enough to be applied in (most) practical situations.

I mputation

9. An imputation-variable, i.e. a variable that has been selected for imputation ly
CHERRY PI, that can assume only one value such that all edits can be satisfied is imputd
deterministically, i.e. the only value allowed is imputed.

Besides deterministic imputation two kinds of imputation methods will be supported ly
CHERRY PI, namely imputation based on regression and hot deck imputation. Regressio
imputation allows historical imputation, ratio imputation and mean imputation. After tle
imputation-variables have been imputed by means of regression imputation, the resultig
record may still violate the edits. Therefae, in a second step the imputed values are modified
slightly in order to satisfy all edits. In this way a consistent record is always obtained. Fo
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more information on regression imputation we refer to De Waal (1996).

10.  The second imputation method that will be supported by CHERRY PI is hot dek

imputation. At the time of writing (mid 1997) hot deck imputation has not yet bea

implemented, but it will bein near future. CHERRY PI will use a nearest neighbour hot deck
approach. That is, CHERRY Pl will use the donor record that is as close as possible to tle

recipient record and that leads to a resulting record that passes all edits. The appropriat

values of the donor record are then imputed in the recipient record. The resulting recod

satisfies all edits, while multivariate distributions are preserved as much as possible. Tle

matching variables that are used to find a suitable donor can either be specified by the user,
or can be determined automatically by CHERRY PI.

11.  Instead of imputing the values of adonor recordin the recipient record, the possibility
of imputing only the distribution of the imputation-variablesis also being considered. Fo
instance, suppose that variables that sum up to a certain totalhave to be imputed. In that case
we can first divide the values of these variables in the donor-records by the correspondig

value of the total. Next we impute the recpient-record by means of the nearest neighbour hot
deck method. Finally, we multiply the values of the imputed variables by the value of tle

total in the recipient-record. In thisway we @n impute the distribution of the variables, while
at the same time making sure that the edits are satisfied after imputation.

Output

12.  After CHERRY PI has been executed, a consistent data set isreturned. Each record
in this data set satisfies all edits. Exceptions are those records for which the (weightejl
number of variables that has to be imputed is higher than some user-specified maximum
these records are not imputed. They have to be edited in another way, e.g. manually, or the
parametersof CHERRY PI should be adapted. Alternatively, the record could be discarded
entirely.

13.  CHERRY PI computesfor each record the so-called OK-index. This number aimsto
reflect the trustworthiness of the imputations that have been applied by CHERRYPI. Tk
value of the OK-index isinfluenced by several factors, such as the number of variables that
have been imputed and the changes in estimated population totals due to the imputations. A
high value indicates that we can trug the corresponding record, alow value indicates that we
should distrust the corresponding record. In the latter case the record should be checked in
another way, e.g. by editing it manually. At the moment we have only deeloped a provisional
OK-index, which givesrather unsatisfactory results. That is, the provisional OK-index has
difficulties in discriminating between correct imputations and incorrect imputations. We are
trying to improve the provisional OK-index.

14.  Inaddition to a consistent data set, statistical information on the applied imputations
isreturned. For instance, the number of times that a certain variable has been imputed and
the total change in this variable due to these imputations are given.

1. TEST RESULTS



-5-

15. Inan extensive study, the results of CHERRY PI have been tested €f. John, 1997b).
Three factors made this study hard to perform in a proper way, and the results somewha
difficult to interpret. Firstly, in the data set that was used ,missing values were indicated by
a zero, thereby making them indistinguishable from cases where the respondent reporteca
zero. Asaresult, CHERRY PI had difficulties in finding the correct variables to impute.

16.  Secondly, not all variables seem to have been modified correctly when edite
manually. Especially, variables that are considered unimportant seem to have been skipped
during the manual edit process.

17.  Thirdly, the set of edits that was specified was not correct, and hadto be adapted. That
the specified set of edits was not correct could be concluded from the factthat records that
were edited and imputed manually, and that were considered as correct, did not satisfy dl
edits, and the fact that a (very) high percentage of the raw, unedited, records did not satisfy
the edits.

18.  Theset of specified edits had to be adapted. In particular the edit bounds of the ratio
edits had to be broadened in many cases. For this a simple explorative approach was used.
For each ratio edit the raw records weresorted in increasing order of the corresponding ratio.
For most ratio edits the following situation was found: for the first few records the rat
increases rather fast, for the majority of the subsequent records the ratio increases less fast,
and for the last few records the ratio increases fast again. So, at two points there isa
considerable change in the increase of the ratio. These two points were identified as our edit
bounds, the first as a lower bound and the secondas an upper bound for the corresponding
ratio edit. For some other ratios edits there is only one considerable change in the increase
of the ratio. In such a case only a lower bound or an upper bound for our ratio edit wa
identified, depending on whether the large change in increassoccurred in the first few records
or in the last few records, respectively. More information on the determination of the edi
bounds can be found in John (1997a).

19.  Usingthe edit bounds determined in the above way, CHERRY PI was used to obtain
aconsistent data set. A number of important estimates for population totals were cal cul ated
using this data set. These estimated populdion totals were compared to estimated population
totals that were based on a data set that was corrected manually. Despite the problems with
the data set and the edits, the results obtained seem quite satisfactory for most variables. For
41% of the variables the difference between the estmated population totals obtained from the
data corrected by CHERRY PI and the estimated population totals obtained from the daa
corrected manually was at mast 1%, for 56% of the variables the difference was at most 2%,
for 71% of the variables the difference was at most 5%, and for 77%. of the variables tle
difference was at most 10%. For the other variables, however, the difference between tle
results derived from the data corrected by CHERRY PI and the data corrected manually was
larger than 10%. These substantial differences were partly due to the problems with the data
set and the edits, but partly they were also due to the fact that some mistakes in records are
difficult to correct automatically.

V. THE ROLE OF CHERRYPI IN THE EDITING PROCESS
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20.  How should asystem for automatic edit ard imputation, such as CHERRY PI, be used
in practice? Should we rely unconditionally on the results of CHERRY PI, or should we be
more careful? The answer to the latter question is clear: CHERRYPI should not le
considered as the complete edit process, but only a part of the complete edit process. A
possible answer to the former question is given in remainder of this section.

21.  Before running CHERRY PI, metadata should be constructed. For instance, whe
regression imputation is used, the correspording parameter values should be specified. Once
the meta-data have been specified, CHERRYPI can be used to produce a CHERRY P}
corrected version of the data. These data areconsistent and each record contains the value
of the OK-index, which is a function of raw and corrected data (Section 2.5). Records with
a low value on this index have undergone corrections with a big influence on publicatia
figures or combine the presence of errors with alarge share in publication figures.

22.  Records with an OK-index above a certain threshold are considered as part of tke
‘non-critical stream’, which means that the CHERRY PI corrections are accepted withoti
further inquiries. Recordswith an OK-index below the chosen breshold, the *critical stream’,
need manual editing. These records can be edited in the traditional mamer, e.g. by comparing
current data to data from previous periods or by re-contacting the respondent. Instead
editing the paper form, atool likeBLAISE may be used for computer-assisted micro editing.
Contrary to a paper form, BLAISE will give instantaneous feedback on corrections
corrections that do not match edit checks will be flagged.In addition to this standard BLAISE
functionality it should be possible to use the results of CHERRYPI as suggestions n
computer-assisted micro editing. To achieve this both the raw, unedited version and tle
CHERRY PI-corrected version of the record should be read into the BLAISE application.

23.  When a sufficient proportion of the sample has been micro edited thiswvay, records

can also be edited by comparing them to similar records. For this purpose graphical editing
tools, such asMACROVIEW (cf. Buijsand Van de Pol, 1996) may be tsed. The suspect record

can be marked in several gattergrams at atime to find out which field isin error. This error
tracing by looking for outliers in the multivariate distribution is known as the distributio

method variant of macro editing.

24.  Micro editing cannot reveal all errors in the data. Some of the unrevealed errors can
be found by the aggregate method of macro editing (Granquist, 1995). InMACROVIEW
preliminary publication results, thd is certain estimates of population totals, are calculated to
trace results that do not match expectations. In this process, the nonresponse part of te
sample can be compensated for in the usual way, that is by imputation or by weighting. In
suspicious publications cells multivariate outliers can be traced by the distribution methd
mentioned above. After localising a suspicious record in this way, computer-assisted micro
editing can be applied for this record, including suggested improvements from CHERRY PI.

25. Thus CHERRY PI can also be used as a supportingtool for other editing tools, such
as BLAISE or MACROVIEW. Furthermore, it should be possible to edit part of arecord n
BLAISE or MACROVIEW, and then run CHERRY PI to edit and impute the remaining fields
of the record.

By applying CHERRY PI in the above way in the edit and imputation process (hopefully!) a
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substantial part of the records can be edited automatically, while the quality of tle
automatically imputed values is ensured. The same, or aimost the same, publication results
will be obtained when the data are edited and imputed in the above way as when they were
edited and imputed in a more traditional manner.



V. CONCLUSIONS

26.  Atthe moment, not much work has to be done on CHERRY PI itself anymore. Only
hot deck imputation should be implemented and the provisional OK-index should le
improved. After that the system is capableof performing the necessary actions for automatic
edit and imputation, i.e. localising errors and imputing the corresponding fields. It will
possible to carry out imputation in avariety of ways. deterministically (if possible), by means
of regression imputation, or by means of hot deck imputation. After the records have been
imputed, information is returned about the statistical effects of these imputations. As some
records are too risky to 'correct’ automatically, and therefore have to be corrected in a
aternative way, an OK-index is computed. The most risky reords can be identified by means
of the value of the OK-index.

27.  Nevertheless much work remainsto be done. Firstly, CHERRYPI should be integrated
with other editing tools, such asMACRoOVIEwW and BLAISE. Integration of CHERRY PI with
these editing tools would enhance the editing power of all systemsinvolved.

28.  Secondly, CHERRY PI should be putinto practice. This seems to be the hardest task,
because most statistical departments at Statistics Netherlands are veryreluctant to change their
editing process. But there is a sparkle of hope for CHERRY PI, because the management is
finally beginning to realise that the editing process can be made much more efficient.
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