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Abstract: Outlier robust methods of survey
estimation, e.g. trimming, winsorization, are well
known (Chambers and Kokic, 1993). However,
such methods do not address the important practical
problem of creating an “outlier free” data set for
general and public use. In particular, what is
required in this situation is a data set from which
the outlier robust survey estimate can be recovered
by the application of standard methods of survey
estimation. In this paper we describe an imputation
procedure for outlying survey values, called reverse
calibration, that achieves this aim. This method can
also be used to correct gross errors in survey data,
as well as to impute missing values. The paper
concludes with an evaluation of the method based
on aredlistic survey data set.
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1. Introduction

Outlying data values are frequently
encountered in sample surveys, particularly surveys
measuring economic and financial phenomena.
Chambers (1986) classifies these values into two
groups. The first are representative outlier values.
These are correctly measured sample values that are
outlying relative to the rest of the sample data and
for which there is no reason to believe that similar
values do not exist in the non-sampled part of the
survey population. The second group consists of
non-representative outlier values. These are gross
errors in the sample data, caused by deficiencies in
survey processing (e.g. miscoding). Such errors
have nothing to do with the values in the non-
sampled part of the survey population. Either type
of outlier can have a substantial impact on the
eventual survey estimate if ignored. Typically, non-
representative outliers are detected and corrected
during the survey editing process, while
representative outliers are handled in the survey
estimation process, generally by the use of outlier
robust or resistant estimation procedures.

Design-based approaches to dealing with
outliers in survey estimation are described by Kish
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(1965), Searl (1966) and Hidiroglou and Srinath
(1981). Chambers (1982, 1986) developed model-
based outlier robust estimation techniques for
sample surveys. Recent work in this area is
described in Chambers and Kokic (1993), Lee
(1991, 1995), Hulliger (1995), Welsh and Ronchetti
(1998) and Duchesne (1999). The research
described in this paper has been carried out within
the Euredit Project (2000), which is aimed at the
development and evaluation of new methods for
editing and imputation, and in particular the
development of imputation methods that can be
used with outliersin survey data.

After carrying out survey estimation, the
statistician often has to deliver a data set for general
and public use. It is hard to imagine that a non-
expert user of this data set will employ the same
sophisticated robust techniques that the statistician
has applied to those parts of the data set containing
outliers. Consequently the survey statistician must
deliver a “clean” data set, with outlier values
appropriately modified, such that the data set is
suitable for general use with standard statistical
software. Ideally, this is where one can recover the
results obtained from the robust estimation method
using this standard software. This can be achieved
by using an outlier imputation procedure that we
call reverse calibration. In this paper we describe
this method and compare it with more standard
imputation methods that are typically used for
imputation of missing data.

The structure of this paper is as follows: in the
next section we describe the reverse calibration
approach to outlier imputation. In sections 3 and 4,
we describe how the classical imputation methods
for missing values such as the regression
imputation and the nearest neighbor imputation can
be used to outlier imputation, and how they can be
improved to adapt to this situation. In section 5, we
present some numerical results to evaluate the
imputation methods by using a realistic survey data
set. This data set has been created within the
Euredit Project and is based on the Annual Business
Inquiry (hereafter abbreviated as the ABI) survey
carried out by the UK Office for National Satistics
(hereafter abbreviated asthe ONS).

2. Outlier imputation by reverse calibration

Imputation methods have traditionally been
used for missing data. The basic ideain this caseis
that, by “filling in” the missing values in a data set,
standard methods of inference, which typically
assume “complete” data, are applicable. In this
section we take this idea and apply it to another
common survey data problem. This is the presence
of outliers in these data. As noted in the previous
section, such outliers can be representative or non-
representative. Once the outliers in the survey data
have been identified and classified in this way, we



ASA Section on Survey Research Methods

can treat them appropriately. Non-representative
outliers are very similar in concept to missing data.
By definition these values are, for one reason or
another, wrong. Consequently, they need to be
changed back to their correct values. This can be
done by re-interview of the survey respondents that
provided these values, in the same way that one can
carry out follow-up interviews of survey non-
respondents. Alternatively these values can be
replaced by imputed values derived from the non-
outliersor “inliers’ in the survey data set, similar to
the way imputed values based on respondent data
are used to replace missing data. Note that this
approach makes the assumption that, conditional on
known (and correct) values for covariates, the error
creation process leading to non-representative
outliers is independent of the process underpinning
generation of the true values for these outliers.

Representative outliers, on the other hand, are
more difficult to handle. By definition, there is
nothing to be gained by re-interview of the
respondents that provided them (beyond the
knowledge that these values are in fact correct).
Imputation of these values based on relationships in
the inlier data values is also inappropriate, since
these outlier values clearly do not have the same
relationships. Modern outlier resistant methods of
estimation allow for this difference, but control the
impact of the corresponding outlier contribution to
the overall survey estimate. What is required in this
case is a method of outlier imputation that mimics
this behaviour.

2.1 Reverse calibration imputation

A basic assumption is that all representative
sample outliers are identifiable. To minimise
notation, we initially assume that application of
survey editing and follow-up procedures implies
that there are no missing values or non-
representative outliers in the sample data. That is,
al outliers in these data are representative. Let s
denote the sample of n units and let {w,,iec g

denote a target set of estimation weights that we
wish to apply to all the sample values, outliers as
well as inliers, in order to estimate the population
total of interest. Often these weights will be the
inverses of inclusion probabilities or regression
(eg. GREG or BLUP) weights. Their main
characteristic is that they are known for each
sample unit and are fixed. Our problem is then one
of imputing sample data values such that when
these imputed values are multiplied by the
{w,, ie s and summed over the sample, they then

lead to an “acceptable” estimate of the population
total.

By “acceptable” we mean here that this
estimate eguals one that we obtain when we apply
an appropriate outlier resistant technique to the
sample data. For example, suppose that :
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fy = Ziesvvi* yi

is such an estimate, where the {w ,ie s are

outlier resistant weights. Then this condition is
satisfied when :

L= wy=>_wy

where the {y;, ie § denote the imputed sample
values. Let s be the sub-sample of size n,
consisting of the representative sample outliers and
let s, be the sub-sample of size n, =n—n, that
consists of the sample inliers. A natura restriction
isy =y, ies, inwhich case the problem can be
re-expressed as one of defining a set of imputed
vaues{y;, ie s} tha satisfies:

tAy _ny :fy _Zieso WY = Zieslwi y: :fly &)

A natural way of choosing the vy, , i€ s, is so that
they remain as close as possible to the true values
y,,i€ s, subject to the constraint (1). In turn, this
requires that we specify a distance measure
d(y’, y) between the imputed values and the true

values that must be then minimized subject to this
congtraint. It is easy to see that thisis equivalent to
a calibration problem where the survey variable y
plays the role of sample weight and the sample
weight variable w plays the role of the survey
variable. It is well known (Deville and Sérndal,
1992) that :

yi = YiF (W) )
where F, (-) is a calibration function that satisfies
F(0)=1, F(©>0 ad A4 is a constant
determined by Zie%wi yiF (wA)=t,.

Suppose that y > 0. A simple distance measureis:

dy y)=Y . vi-vfi2ay, @

where ¢ >0,ies ae constants that can be

chosen by the datistician. Using this distance
measure, we have F, (t)=1+qt (Deville and
Sérndal, 1992). From (2) it follows :

* fly_z'e leJ
Yi =Y 1"'qui—JSlz 4
zj'eslquj Yi

The second term on the right-hand-side of (4) is
negative if the outliers are mainly ‘big’ outliers, i.e.
take values much larger than the values associated
with the inliers in the sample. Consequently the
observed true value vy, associated with a
representative outlier is decreased. In contrast this
term is positive if the outliers are mainly ‘small’
outliers, i.e. take values much smaller than the
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values associated with the inliers in the sample. In
this case the true value y, associated with a

representative sample outlier is increased. This is
consistent with the general idea of outlier
modification or winsorization.

A potential advantage of reverse calibration
imputation is that a calibration program CALMAR
(Sautory, 1993) is available, containing several

different distance functions d(y*,y). Standard

choices of g, are g, =1 or g, =w". In the latter
case (4) simplifies to aratio-type imputation :

. t

Yi =Yi - ©)

Z jes, Wj yj

Note that neither (4) nor (5) guarantee that the
imputed values satisfy editing rules. Especidly for
(4) which may produce negative imputed values.
To prevent negative values, we can use one of the
aternative distance measure proposed in Deville
and Sérndal (1992) or use the distance measure (3)

with g, =w*, which leads to ratio-type imputation

(5). Alternatively, we can integrate the editing rules
into the calibration procedure.

2.2 Thegeneral case

The reverse calibration method described
above treats al outliers similarly. In particular they
are al either decreased or increased in value. This
is sensible if these values are all of one type, i.e. al
big or al small. However, in practice outliers
relative to aregression model for y tend to be a mix
of these two types, and these two different types of
outliers need to be treated differently in imputation
(the small outliers need to be increased and the big
outliers need to be decreased). Furthermore, there
aretypically aso missing values for y in the sample
data, and these need to be imputed at the same time
as these outliers are imputed.

Suppose that a sample s is subject to both

outlier and missing values. Let s, be the sub-
sample of inliers and respondents, and let s, be the
sub-sample consisting of outliers and missing
values. Suppose also that a reliable population total
estimate f, is obtained by some outlier resistant
procedure that takes non-response into account. Let
foy be an egtimate of the population total of the
inliers and respondents. Then an estimate of the
population total of the outliers and non-respondents
can be obtained as f,, =, -, .

What we mean by a population here is open to
interpretation. In fact, we have four populations (or,
to be more precise, domains). These are the
respondent inlier population, the nonrespondent

population, the respondent “small outlier”
population and the respondent “big outlier”
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population. We assume that our overall target
population estimate can be broken down into four
components that effectively represent our best
estimates for the totals of each of these domains.
Similarly we assume that the sample units can be
divided among these four domains. The reverse
calibration process is then sraightforward. We
adjust the observed sample values in each of the
two outlier domains so that when multiplied by
their target weights w, they recover their

corresponding components of the overall estimate.
Finaly, we impute sample values for the missing
cases in order to recover the last component of the
estimate.

To be more precise, let s{” denote the
responding sample units corresponding to large
outliers, s the responding sample units
corresponding to small outliers, and s™ the

nonresponding sample units. The corresponding
decomposition of the estimated population total is

t, =ty +87 + 7 +107, with {,, = ZJESO WA

The reverse calibrated imputed values are then

givenby :
_ " i
vl qw by _Zjes{*’wiyj e st
i i Wi 2 RS
i 2 e AWTY, |
- " -
* tly _zjesy) Wl yJ . (+)
Yi =1Yi[1+aw, 2 » 1€3
i Zjesp AWy
i £ (m) v
5 |1sqw Ly _Zjes{m)wjyi e s
i i Wi 7= )
i Zjesl”“)quj Yj
(11)

where the values Y, represent initial (uncalibrated)
imputed values for the missing data cases. An
obvious choice for y, is the fitted value for this
case generated by the observed sample inliers,
which corresponds to assuming that all
nonrespondents are inliers. Observe that these
imputed values lead to ratio type imputations when

&) <)
Vi——— les
Zjes{” Wi yj
Q)
y =y =——— ies{” (12)
Zjesl(*) W] yJ
£m
V—=——= ieg
Zjeslm WY

For methods of decomposing the overall robust
total estimation into domain components, the reader
isreferred to Ren and Chambers (2001).



ASA Section on Survey Research Methods

3. Imputation by regression

It is clear that the methods for missing data
imputation can be used to impute outlier values, by
treating the outlier values as missing (e.g. the
regression imputation). Suppose that a covariate x
and the survey variable y are linked by a linear

model! :
Ve =B% +&, keU

where {e,} ae the regresson residuals,
Ele[x.)=0, Var(e,|x )= a2v2(x,); v(x)>0 isa
known function; S is the unknown regression
coefficient. Let s be a sample containing outlier
values in a sub-sample s;, s=s;+s,. By treating
the outlier values as missing, an estimation of g
based on the non-outlier observationsis given by :

2 d Xkyk
p kes < 2 (x
ﬁso — ( k)

X X
Zkes‘) ds v? (Xk )

By treating the outlier values as missing, the
classical regression imputation of the outlier values
are their model based predictions :

Vi ::Bs,uxkv kes

This imputation treats the outlier values as missing
and therefore takes no account of the fact that the
outlier values are true and correctly observed

values. In fact, the regression imputation y, for an

(13)

(14)

outlier value Y, is its conditional expectation
under the assumption that vy, isaninlier value and
follows the same model asfor all theinliers:

Vi = B = E(yk|xj.j € So), kes

This is logically wrong since we know that the
outlier values do not follow the same model as for
the inliers. If we look at the population total
estimation based on the complete data set after
imputation which is naturaly the regression
estimation :

t, = kgsdky; +:B;D(tx - kesdkxk)
= dy Y + B (tX_ZKesodek)

ke sy
where t, = zkau X, s the known populétion total

(15)

of the covariate x, {d,,ke s} are the sampling

weights. This is equivalent to just throw out the
outliers in the population total estimation. When the
outlier values are mainly extremely large values,
this estimation will usualy under estimate the
population total. However, this method of
imputation can be improved by taking the outlier
values into account in the imputation. A simple
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adaptation is to add a correction term in the
regression imputation (14) :

Ye =:B;0Xk+§k’ ke's,

where ¢, is a correction term which can be fixed

or random.
A fixed correction consists to add to the

classical imputation y, of (14) a fixed positive
quantity z,_,,,6, V(x,) when it is related to an
outlier value which is located largely above the
regression line, and a fixed negative quantity
=2, 4,0, V(%) when it is related to an outlier
value which is located largely under the regression
line, as shown in figure 1. The quantity J, can be
expressed by :

Oy = Sign(Yk _:B;, Xy )Zl—aIZ&sov(Xk)’ kes (17)
where z,_,,, isthe upper «/2 critical value of a
N(0,1) varigble; &, is an estimator of the
residual variance based ontheinliers:

Zkeso d, (e —8)*

2
D)
kESde

ZI(eso d, & Y _,B; X

S W)

This modification has an intuitive sense as shown
in figure 1 : instead of pulling down or pushing up
an outlier value onto the regression line, we pull it
down or push it up till the border of the confidence
region of the regression. This meansthat we modify
an outlier value as minimum as possible till it
becomes an acceptable inlier value.

(16)

o

with &= and e, = , kes,.

® - o
¥ Vy = Bxy+8;

|

/ Yi= Bx

Figure 1. Outlier imputation by regression

Y ellow dots represent classical regression imputations;

Green dots represent modified regression imputations.

A random correction consists to add to the
classical imputation y, of (14) a random positive
quantity |z|6 v(x, ) when it is related to an outlier
value which is located largely above the regression
line, and arandom negative quantity —|z,|6, v(x, )
when it is related to an outlier value which is
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located largely under the regression line. That is, by
aquantity :

Oy = Sign()’k _,B;O Xy )|Zk|6-snv(xk ) , kes (18)
where {z, ke s} is a sample of iid observations
from N(O, 1 . It is easy to see that the expected

value of |z is E(z])=+2/7 . By this fact, the

random correction modifies on average less the
classical regression imputation than the fixed
correction since, for example, for a=0,05,

2, ,,=196>2/7x.
If we look at the population total estimator
based on the complete data set after imputation :

tA|r = Zkesdk y; +,B;D (tx - Zkesdkxk)

kesodk Yi +ﬂ; (tx _Zkesodkxk )+ Zkesidkﬁk

(19

Compared with expression (15), the extra term
Zke& d, s, in the above expresson is the

compensate contribution of the outlier values to the
estimation of the population total. When the outlier
values are mainly extremely large values, this term
is positive ; in contrary, this term is negative. It can
be viewed as a bias correction term for correcting
bias caused by classical regression imputation of
outlier values. See tables 2 and 3 for numerical
results where we observed a positive correction
term.

4. Imputation by the nearest neighbor

For a given outlier value y, ,k, € s, assume
knowing all the observed values of an auxiliary

variable x, as for the classical regression
imputation, the classicd nearest neighbor

imputation of the outlier value y, treats the outlier

value as missing by searching its nearest neighbor
k™ :

k' = Arg '\kﬂi%n{d(xk X )}

then giving Y, an imputed value y;o =Y, , Where
d is a distance measure. For example, a usually
used distance measure is d(xk,xkg )= |xk - xk0|. As

in the classical regression imputation, the outlier
value itself is not taken into account in the
imputation, or in the searching of its nearest
neighbor. However, the nearet neighbor
imputation may be preferable to the classical
regression imputation since it looks like the
modified regression imputation when the sample
size is large and that the observed x values are
denseinthe sensethat x, = X, , then we have:
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y;) =Y =X +E = ,B;, X, T & (20)

where g, isthe regression residual and can be seen
as a correction term corresponding to J, in the

modified regression imputation (16), but it may not
aways direct the correction to the good direction.
The numerical results shown in table 2 prove that
the population total estimation after nearest
neighbor imputation is very close to that obtained
after modified regression imputation

To prevent the uncertaint correction, the outlier
value itself should be taken into account in the
searching of its nearest neighbor. A simple
adaptation of the classical nearest neighbor consists
to use a distance measure which measures the
distance between the two data points (x,,y, ) and

(xko,yko), that is, to use a distance measure

d[(xk,yk ), (xko,yko )] . The nearest neighbor of k,
is k” if it minimizes the distance

K = argMin{dli, v b v I} @

The imputed value for y, isthen y, =y,. A
general distance measureis:

d [(Xk » Yk ), (Xko Vi, )]
1 (22

- [ (yk Yk )2 + (Xk X ),(Xk o )}2

However, expression (22) treats the outlier
vaue and the covariate value equally in the
searching of the nearest neighbor. The outlier value
could dominate the searching direction when it is
an extremely large value. This inconvenience could
be improved by modifying the distance measure as
a weighted measure, we call it weighted nearest
neighbor :

d [(Xk ' Yk )’ (Xko ' Y, )]

1

= [ a(yk -V, )2 +(1- oz)(xk — X ) (xk - X, )}2
(23)

where 0<a <1 is a weighting factor chosen by
statistician  which reflects the level of the
importance that the statistician puts on the outlier
value. It can be a unique weight for all of the outlier
values or a specific value for each of the outlier
values. For example, in the later case, we can use
o, =d, /(dko + dk) . One can recover the classical

nearest neighbor when o =0, and the modified
nearest neighbor (22) when o =0.5. The nearest
neighbor imputation of y, is always y;O =y, If
k”is the nearest neighbor of k,. Figure 2 below

illustrates how the modified nearest neighbor is
searched.
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L
kK k' X

Figure 2. Outlier imputation by nearest neighbor
Y ellow dots represent classical nearest neighbor imputations;
Blue dots represent classical nearest neighbors, Green dots
represent the modified nearest neighbor imputations.

From table 3 we see that the imputed values by
modified nearest neighbor have better correlations
with the true outlier values than the regression
imputation where poor correlations were observed.
The correlation between the imputed values and the
original outlier values is one of the evaluation
criterions for outlier imputation (Chambers, 2001).
We are looking for imputed values which are
acceptable and reflect the truth in maximum. In this
sense, the nearest neighbor imputation is preferable
to the regression imputation. However, it has the
same drawback as for the regression imputation
since it may produce invalid imputations, that is,
the imputed values do not pass the editing
procedure. Also, the weighting factor o plays an
important role in the searching of the nearest
neighbor, especialy when the outliers are
extremely large values. So far, no serious theory
can direct the choice of this factor. In the practice,
the imputation procedure is a recursive procedure
which uses experimental values of o and
combines the editing rule with imputation.
Imputation procedure stops if al imputed values
pass the editing.

The searching for the nearest neighbors of an

outlier value Yy, may not necessarily be restricted to

inlier values since an outlier value vy, is outlying
associated with x,., but it may not be outlying
associated with X, , and vas versa. But it appears

that the imputation process converges (all imputed
values pass the editing) more quickly when the
searching of nearest neighbor is limited in the
inliers. The most unfavorable case for an unlimited
searching is that two outliers are nearest neighbors
one for another, and are still outlying with
exchanged y values. In this case, the imputation
procedure does not converge.

Remark : It is clear that the nearest neighbor of an
outlier value may not be unique. When this occurs,
we must choose one among all the competitors. The
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principle is that choose the one which will pass the
editing. When al of the competitors pass the
editing, the choice of the nearest neighbor has no
importance. One can choose the nearest neighbor
randomly among all of the competitors.

5. Numerical evaluations

We evaluate the imputation methods studied in
the previous sections using the 1997 sector one ABI
data, as prepared for the Euredit Project (2000). In
particular we focus on one auxiliary variable (X)
turnreg corresponding to the register value of
estimated turnover for a business and two anaysis
variables (y). These are total turnover (turnover),
and total purchases (purtot). Since turnreg is a
register variable we know its overall total aswell as
its stratum totals. The strata themselves correspond
to size dtrata defined in terms of the register
measure of the number of employees and the
turnreg value for the business. Sample weights (d-
weights) are also available.

The dataset has 6099 cases and has many
representative outliers. Table 1 gives the number of
outliers and the non robust and robust estimates of
the population totals. Outliers were detected using
an across-stratum forward search procedure
(Hentges and Chambers, 2001) based on a linear
regression model in the log scale of the data. The
robust estimates of the population total were
obtained by using Chambers (1986) model based
robust estimator, with the regression coefficient
estimated by using only the inliers. The non-robust
estimates are the model based classical regression
estimates with outliers being ignored, which can be
expressed as aweighted sum :

9reg = Ziesvvi yi
where {w;, i € s} are the regression weights which
are used as the target weights for population total

estimation after imputation :
Xi
tL,—>» X
vz(xi)zjesxf/vz(xj)(X Z‘es 2

The cdibration weight g, used in the reverse
calibration imputation in this section is chosen as
g, =w ', which leads to aratio type imputation as
givenin (12).

w, =1+

Table 1. Number of outliers, non-robust and
robust estimates of the population total

b | Nt || o
of outliers estimate estimate
Turnover |106 269,545,407 252,938,704
Purtot 111 192,575,028 180,732,418
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Table 2 gives the population total estimates
after imputation by method of imputation. Non
robust and robust estimates before imputation are
also given in the same table for comparison. We
can see that the reverse calibration imputation (big
and small outliers were imputed separately)
recovered exactly the robust estimates. While the
modified regression and modified nearest neighbor
imputations produce dlightly higher estimates
compared to the robust estimates. The classical
nearest neighbor imputation produced estimates
very close to the modified regression imputation, as
pointed out in section 4.

Table 2. Population total estimation before
and after imputation by imputation method

Turnover Purtot
Non-robust estimation | oo 54c 107 | 192,575,028
before imputation
Robust estimation 252,038,707 | 180,732,418
before imputation
Reverse
celibration | 252938707 | 180,732,418
Regression| 252,225,060 | 180,483,772
Classical N
estimation | NSVt 05 179940 | 181,352,764
after neighbor
imputation ifi
P Modified | >3 h0s 961 | 181,008312
regression
Modified
nearest 254,713,415 | 182,553,682
neighbor

The differences between the non robust
estimates and the robust estimates, between the
classical estimates before and after imputation, are
not substantial since the outlier impact on the
population total estimation in this data set is not
dramatic. In some cases, the impact could be fatal
since a few outliers associated with their weights
represent a large percent in the weighted total. On
the other hand, the numerical results presented in
this section used a relatively clean version of the
ABI data set that is free of gross errors and missing
values. A more detailed evaluation of the reverse
calibration imputation can be found in Ren and
Chambers (2001) where a training data version of
the ABI data was used which contains outliers,
gross errors and missing values. The fatal impact on
the population total estimation can be clearly seen
in that paper if they are not treated properly.

Though the differences between the classical
estimates before and after imputation are not very
important as shown in table 2, however, the
differences between the averaged values on the
outlier data points before and after imputation are
significant, as shown in table 3. The difference can
also be seen in figure 4, where the horizontal axis
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represents the outlier values before imputation, the
vertical axis represents their corresponding imputed
values. The plots are in log scale of the data for
easy seeing.

In column (1) of table 3, we present the results
for reverse calibration imputation where big and
small outliers are imputed separately. The numbers
in the brackets represent the coefficients of
correlation between the true outlier values and their
imputations. It is shown that the reverse calibration
imputation achieved perfect correlation since it is
simply a ratio type imputation. Regression
imputation and nearest neighbor imputation are
presented in columns (2) and (3). The first row in
each cell represents the classica regression
imputation and the classical nearest neighbor
imputation, respectively. The second row represents
the modified regression and the modified nearest
neighbor imputation. The modified nearest
neighbor imputation is the weighted nearest
neighbor; a weighted distance measure is used with
a unique weighting factor for al of the outliers. The
numerical results of our simulation study show that
this factor isa very sensitive factor to the method.

Table 3. Averaged value on the outlier data points before
and after imputation and the correlation between them

True
vae | O &) €)
214 (0.0 217 (0.33
Turnover | 1456 | 433(1.00) 273 20_13 264 Eo_79§
173 (0. 1! .
Purtot | 763 | 215(100)| 273 Eg'gg =0 58.23

(1) Reverse calibration imputation ; (2) Regression imputation ;
(3) Nearest neighbor i mputation.

In figure 3 we present some scatter plots of
turnover against turnreg in log scale of the data,
before and after imputation. In figure 4, we present
some scatter plots of the imputed values against the
true outlier values in log scale of the data for the
variable turnover. All imputations are one round
imputation, that is, no editing procedure applied to
the imputed values. From table 3 and figure 4 it can
be seen that the reverse calibration imputation
achieves the best linear relationship between the
imputed values and the true outlier values, next is
the weighted nearest neighbor imputation.

As conclusion, the reverse cdlibration
imputation can be a competitive aternative to the
conventional imputation methods, especialy for
imputation of outlier values. It has the advantage of
recovering the outlier robust estimates by applying
the classical estimator to the imputed and complete
data set. It produces imputed values better
correlated to the true outlier values.
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Figure 3. Scatter plots of turnover (y) against turnreg (x)
in log scale, before imputation and after imputation.
(red colored points are outlier data pints)

Nearest neighbor Modified nearest neighbor

* With big and small outliers imputed separately.

Figure 4. Scatter plots of imputed values (y) against
observed outlier values (x) for turnover, in log scale
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* With big and small outliers imputed separately.
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