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Part I. Description of the methods

1. Introduction

Outlier observations are frequently encountered problems in the analysis of sample survey data, especially for those highly skewed economic populations to which all the national statistical offices will face. By outlier observations, we mean those sampled units with data values having large deviations from their predicted values in a model-based point of view, or have large deviations from their estimated mean in a design-based point of view. The impact of outliers on the survey estimate can be so powerful that several outlier observations in the sample can dominate completely the survey estimate. For example, a single or several sample units can contribute a large percent to the estimated population total. The Swiss 1993 Environment Protection Expenditure Survey data (Euredit data base, 2001) is an example where one largest sampled unit of an important analysis variable (the total expenditure to environment protection) contributed 45% of the sample total before weighting, and 33% after weighting. Together with other three large units, they contributed 71% of the sample total before weighting, and 52% after weighting. The presence of big outliers in the sample data will inflate greatly the population total estimate. Some robust treatment must be applied to the big outliers in order to control their contributions to the ultimate estimate.

In this research, we confine our studies to representative outliers (Chambers (1986)). These are sample units with values that have been correctly recorded and that cannot be assumed to be unique. That is, there is no good reason to assume that there are no more similar units in the non-sampled part of the target population. There is an extensive literature concerning the outlier problems in statistical data, the problem was firstly considered for sample survey data by Kish (1965), Seal (1965), then important developments due to Hitirouglou and Srinath (1981), and Chambers (1982, 1986). Recent works are seen in Chambers and Kokic (1993), Kokic and Bell (1994), Lee (1991, 1995), Hulliger (1995), Welsh and Rochetti (1998) and Duchesne (1999). Most of the outlier accommodation approaches can be grouped into two main classes in the estimation stage:

i. The modify weight approach: This reduces the sampling weights associated with sample outliers, leaving the Y-values unchanged. The estimator can be formally represented as follows:
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ii. The modify value approach: This modifies the Y-values associated with the sample outliers, leaving their weights unchanged. The estimator can be formally represented as follows:
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It is well known that both of the two strategies will generally produce biased estimators. They have the same aim to reduce the impact of outliers on the estimate, but they may not necessarily to give same results regarding the properties of the ultimate estimators. Some may have big bias but small variance, and some may have small bias but relatively big variance. The most sophisticated thing to do in practice for the choice of outlier robust estimators is the trade-off between the bias and the variance. According to our knowledge, there is not a serious theory to guide the users to choose an appropriate estimator among the alternatives. Another problem is that most of the outlier robust estimators are designed for simple random sampling, generalisations to complex survey design are not straightforward. The aim of this research is to investigate some of the well-known outlier robust estimators that have potency to be used in the Euredit project, and modify them to appropriate forms to adapt for complex sample surveys. Studies will be focused on their theoretical properties and generalisations, their performances with real survey data will be evaluated in another study. The studied estimators are mainly selected from Chambers and Kokic (1993). These are Hidiroglou and Srinath’s (1981) estimator and its generalised alternative, Kokic and Bell’s (1994) winsorized estimator and its generalised alternative, and Chambers’ (1986) model based regression type estimators. This study is presented in section two. Two of our recently developed estimators (Ren and Chambers, 2001a) which are outlier robust and approximately unbiased in a design-based point of view will be also studied. This study is given in section 3. In section 4, we discuss some special issues for the model-based robust estimators: the presence of large proportion of observed zeros for the response variable; the log transformation and back transformation for non-linear data. Section 5 deals with outlier robust imputation by reverse calibration.

2. Studies and further developments on some outlier robust estimators

2.1. Hidiroglou and Srinath estimator

Hidiroglou and Srinath (1981) proposed a modify weight estimator for the population total in the context of simple random sampling without replacement. They assumed that a population 
[image: image7.wmf]{

}

N

2

1

Y

,

,

Y

,

Y

L

 of size N contains 
[image: image8.wmf]2

N

 large units and that 
[image: image9.wmf]2

N

 is unknown. These outliers are elements of the population whose Y-values exceed a known value 
[image: image10.wmf]g

. This is equivalent to assume that the outliers can be perfectly identified once they are selected in the sample. Suppose a simple random sample of size n is drawn without replacement from the population and a set of outliers in the sample, say 
[image: image11.wmf]2

s

 of size 
[image: image12.wmf]2

n

 are identified. To control the contribution of the outliers to the population total estimate, the idea is to reduce the weights 
[image: image13.wmf]{

}

2

j

s

j

,

d

Î

 associated to outliers, at the same time to increase the weights 
[image: image14.wmf]{

}

1

j

s

j

,

d

Î

 associated to inliers, where 
[image: image15.wmf]2

1

s

s

s

-

=

 is the set of inliers. They proposed three different down-weighting estimators, the most interesting one (hereafter called ‘HS estimator’) is:
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where 
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 is found in Hidiroglou and Srinath (1981), but it is too complicated to be used in practice. Chambers (1982) studied the same estimator (2.1) in a model-based point of view on assuming that the population Y-values are N independent realisations of a mixture of two random variables. One with mean 
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Chambers (1982) obtained the optimum value of 
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 that minimises the model-based mean squared error of 
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This result is simple to be used in practice except that the involved unknown parameters must be estimated. Among the unknown parameters, the three parameters related to the outliers, that is 
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where 
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 is the coefficient of variation of the outliers and is the only unknown parameter for calculating 
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When 
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Then estimator 
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From this expression, the most simple and direct way to generalise 
[image: image85.wmf]HS

T

ˆ

 to unequal probability sampling design is the estimator:
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It is easy to see that 
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This can be seen as a sample version of the total weight constraint imposed to estimator (2.1). Numerical studies show that 
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2.2. A generalised alternative of HS estimator

Chambers (1982) observed that the HS estimator is equivalent to:
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where 
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A natural extension of (2.10) is:


[image: image107.wmf])

x

y

x

y

(

X

x

y

Y

T

ˆ

1

1

2

2

s

j

j

1

1

s

i

i

GHS

-

+

+

=

å

å

Ï

Î

L

,                           (2.12)

where 
[image: image108.wmf]1

x

 denotes the mean of the X-values in 
[image: image109.wmf]1

s

 and 
[image: image110.wmf]2

x

 denotes the mean of the X-values in 
[image: image111.wmf]2

s

, 
[image: image112.wmf]0

,

³

L

L

 is a factor whose value is to be determined by minimising the model-based mean squared error of (2.12). It is clear that the first two terms on the right-hand-side of (2.12) is the BLUE of the population total 
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A more general form of 
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 when the underlying model is not a ratio model is given by:
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Again, the unknown parameters involved in 
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 must be estimated by sample information. As for HS estimator, Chambers (1982) also obtained an approximation of 
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 under some simple assumptions. Again as for HS estimator, estimator (2.12) depends on the pre-identification of outliers in the sample. Unlike HS estimator, estimator (2.12) does not have the problem as HS estimator does for unequal probability sampling designs. This property can be considered as an advantage of this generalisation.

2.3. Kokic and Bell’s winsorized estimator

Suppose that a simple random sample of size n was drawn from the population without replacement. Using the notations in the previous sections, a winsorized estimator can be written as:
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 is bigger than the cut-off. Suppose that the cut-off is a constant K, we are interested in the following kind of winsorized values:
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where 
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 is a factor chosen by statistician. When f is set to zero, Gross et al (1986) referred to estimator (2.14) as type I winsorized estimator. When f is set to the sampling fraction 
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, they call it type II winsorized estimator. They studied the performance of the estimator and found that there was very little difference in mean squared error between the type I and II winsorized estimators. However, they argued that the type II winsorized estimator should be preferred to the type I estimator, since for the type II winsorising, as the sampling fraction increases, the amount of information about the outliers in the population increases, so the downward adjustment for the outlier observations should be reduced. Gross et al (1986) also extended estimator (2.14) to stratified simple random sampling. However, there is not a theory about the optimum choice of the cut-off.
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. This decomposition tells that a type II winsorized estimator is the type I winsorized estimator with the same cut-off plus a bias correction term. Since this bias correction term is not an unbiased correction (in fact it is a conservative correction), the type II winsorized estimator 
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 is itself subjected to negative bias. Numerical studies show that winsorized estimators work well when there are only a few extremely large outliers present in the sample.

Kokic and Bell (1994) studied the problem of selecting a set of cut-offs which minimise the model-based mean squared error of the stratified type II winsorized estimator:
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where 
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 is a set of cut-offs to be determined. They found that the optimum set of cut-offs can be approximately determined by the following equations:
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where 
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 is the model mean of stratum h, (L is the bias of estimator (2.16) produced by using this set of cut-offs:
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 denotes the expectation operator with respect to the super-population model. It is interesting that L is common for all of the strata, this makes the work quite easy for a large-scale survey where there is a great number of strata. 

For the calculation of the optimum cut-offs given by (2.18), it is clear that there are not explicit solutions of 
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Kokic and Bell proposed a procedure to solve this equation with the previous survey data. In fact we find that the same procedure can be used to solve (2.20) with the present survey data to produce estimates of 
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A sample estimate of 
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and then set 
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 In practice, the above procedure usually will involve only the few largest 
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In order to get the estimated optimum cut-offs more close to their true values, the above procedure can be repeated a number of times. Let 
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 be the revised estimation of stratum mean based on the winsorized values obtained by using the cut-offs calculated in the above, then repeat the same procedure to get a new set of cut-offs as:
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This procedure can be repeated as many times as we want, and be stopped if there are no big changes on the cut-offs from one repetition to another, that is, till the cut-offs 
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 converge. Simulation studies show that the above procedure converges very quickly. 

When there is only one stratum, estimator (2.16) has the same form as estimator (2.14), the optimum cut-off is then defined by:
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where L has the same meaning as in (2.18). The above procedure described for estimating the optimum cut-offs applies directly to the single stratum case. 

When the sampling design is an unequal probability one, same reasons as for HS estimator, the estimators 
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where 
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Note that a type II winsorized estimator can also be written as:
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where 
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To adapt 
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 to unequal probability sampling design from expression (2.26), we obtain an estimator slightly different from the adapted type II winsorized estimator given by (2.24):
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2.4. A generalisation of Kokic and Bell’s winsorized estimator

Chambers and Kokic (1993) proposed an extension of winsorizing to the linear regression context. Let 
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this expression is equivalent to:
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where 
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 is a one-side cut-off function:
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When there is an auxiliary variable X, Chambers and Kokic extended estimator 
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where 
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 and 
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 are the population and sample means of X values respectively, and 
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 is just a special case of the robust regression estimator studied by Chambers (1986). On assuming that the outliers are mainly large positive skewness in the distribution of the residuals from the regression line, the tuning function 
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 is a robust scale estimate based on the sample, c is a suitably chosen constant, called tuning constant. Chambers and Kokic point out that estimator (2.30) is in fact a winsorized ratio estimator. That is:
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and 
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 seems more reasonable that the cut-off depends on the size of the auxiliary variable, especially in a linear regression context. 

From (2.14) and (2.31), it is easy to see the similarity of the type II winsorized estimator 
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where 
[image: image228.wmf]{

}

K

Y

,

s

i

s

i

1

£

Î

=

, 
[image: image229.wmf]{

}

s

i

,

Y

*

i

Î

¢

¢

 are defined as:


[image: image230.wmf]î

í

ì

>

=

¢

¢

otherwise

,

Y

)

X

(

K

Y

if

),

X

(

K

Y

i

i

i

i

*

i


The first term on the right-hand-side of (2.33) is a generalised type I winsorized estimator: the cot-off is no longer a constant, but depending on the size of the auxiliary variable. The second term on the right-hand-side of (2.33) is a bias correction term. This decomposition has exactly the same meaning as the decomposition (2.15).

The same reason as for HS estimator and the winsorized estimators, problem may arise for 
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where 
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2.5. A model based robust regression estimator

In the context of linear regression, the model based BLUE of the population total is:
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is the generalised least square estimator of the regression coefficient on assuming that the underlying model is a heterosedastic model:
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where 
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 is the true regression coefficient and 
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The first two terms on the right-hand-side of (2.36) can be interpreted as an estimate of the population total that assumes the underlying model holds exactly for the non-sampled part of the population. The third term on the right-hand-side of (2.36) is a correction term that is an estimate of the difference 
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where 
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and 
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 is a real valued tuning function which controls the contribution of the residuals to the estimate. The robustness of estimator (2.38) depends on the choice of 
[image: image271.wmf]s

~

b

 and 
[image: image272.wmf]y

. We suppose that 
[image: image273.wmf]s

~

b

 satisfies the criteria for robustness and efficiency. For the tuning function 
[image: image274.wmf]y

, assume that the outliers are mainly large positive skewness in the distribution of the residuals from the regression line, the 
[image: image275.wmf]y

 function could be a one-side function:


[image: image276.wmf]î

í

ì

>

£

=

c

y

if

,

c

c

y

if

,

y

)

y

(

y

                                            (2.40)

or more generally a two-side function:
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where c is a tuning constant, usually takes large values as 5 or even 10. It is easy to see that estimator (2.30) is just a special case of estimator (2.38), where the underlying model ( is a ratio model, that is, 
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3. New development: design-based outlier robust estimators

3.1. Estimator for accommodation of only big (or small) outliers

Suppose a finite population U of size N with variable of interesting Y having extreme values (extremely large or small). That is, for some of the population units in a group, say 
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where 
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where 
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The presence of outliers in the population inflates greatly the population variance and this in turn will ruin the survey precision since this last one depends on the variance of the population. For example, when a number of extremely large or small values 
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 (hereafter is called simple expansion estimator) will overestimate or underestimate the population total, especially for equal probability sampling designs where all of the sampled units receive an equal weight. The existing outlier accommodation methods concentrate attentions on the sample level, that is, by changing the sampled outlier values or by changing the weights of the observed outlier units in order to reduce the outliers’ effects over the estimate. Here we try to reduce the outliers’ effects on the population level. That is, the robustirization operations are designed for all of the population elements as a whole. Consider the case where there are only big outliers (or small outliers). One thing to do for reducing the outliers’ effects is to “reduce” the population variability, though it is not possible, but it can provide a different way to develop outlier robust estimators. The leading measure of the variability of a finite population is the finite population variance:
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 is the population mean. A simple way to reduce the population variability is to reduce (to increase for small outliers) the outlier values and to increase (to reduce for small outliers) the normal values, at the same time, to keep the population total or the population mean unchanged. This means that we recognise that the outlier values are correctly recorded true variable values and they should be taken into account in estimation. 

Firstly, assume that the outliers have extremely large Y values. Rewrite the population total as:
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and that the corrected population variance is minimised with respect to (:
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where 
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When the following condition is true:
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The unbiasedness of this estimator is clear to see if we note:
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then estimator (3.9) is the simple expansion estimator of the transformed variable Z and therefore is unbiased for the total of Z which is the same of the total of Y of (3.4). It is easy to see that the design-based variance of 
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where 
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When all of the second order inclusion probabilities 
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When the sampling design is SRSWOR (simple random sampling without replacement) of size n, we will have:
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In practice, both ( and 
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Then an estimator of the population total is :
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Unfortunately, this estimator is reduced to the simple expansion estimator when the unknown quantities are estimated by (3.14). The problem is caused by the estimation of (. Simulation studies show that estimator (3.9) is sensitive to the value of (, and less sensitive to the value of 
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The population total estimator is then calculated as:
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If 
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A some kind of robust estimate can be obtained by using the sample median:
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where 
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The above results will be still hold when the outlier units have extremely small Y values, only the condition (3.8) should be reversed as: 
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The above condition is usually true if the outlier units have relatively smaller Y values. Small outliers do not catch much attention of the statisticians since their impact to the population total estimation is less important than that of big outliers. In fact, small outliers affect the survey precision as the big outliers do, especially when the proportion of small outliers is important. Another problem is that when the big outliers are down-modified, in order to keep the unbiasedness, the small outliers should be up-modified to compensate the effect of the modification of the big outliers. We will consider the accommodation of both big and small outliers simultaneously in the next section.

3.2. Estimator for accommodation of the presence of big and small outliers

The above results need to be adapted if we have both small and big outliers in the sample. If both kinds of outliers present in a sample, they may compensate each other to reduce the outlier effects on the population total estimate, but this is not necessarily true. In fact, it depends on the value scale and the number of the two kinds of outlier units in the sample. As we did in section 3.1, rewrite the population total as:
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and that the corrected population variance is minimised:
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where 
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where 
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The minimisation of (3.21) gives:
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This result is similar to the simple case  where there is only one kind of outliers and it will be reduced to the simple case when 
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Same reasons as in section 3.1 apply that 
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 and its design-based variance is given by:
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where 
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As in section 3.1, some estimators of 
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The population total estimator (3.24) is then calculated by:
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which is approximately unbiased if 
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Simulation studies show that estimator (3.28) is more efficient than estimator (3.17) if there are two kinds of outliers in the sample. The later one makes accommodation only one kind of outliers and leaves the other kind of outliers not be treated.

3.3. Model assisted outlier robust regression estimators

3.3.1. Estimator for one-way mixed models

Suppose that the finite population values 
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where 
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where 
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then for a given value of 
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The optimum value of 
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 is then decided by minimising (3.32) with respect to 
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where 
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From (3.33) we see that 
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 is a linear combination of 
[image: image458.wmf]1

B

 and 
[image: image459.wmf]2

B

. In fact it is easy to understand that 
[image: image460.wmf]l

B

 should be a compromise in 
[image: image461.wmf]1

B

 and 
[image: image462.wmf]2

B

: 
[image: image463.wmf]2

1

B

B

B

£

£

l

 if the following condition is true: 


[image: image464.wmf](

)

(

)

ï

þ

ï

ý

ü

ï

î

ï

í

ì

-

-

³

2

2

x

2

1

x

2

2

x

2

1

x

1

2

1

f

,

f

1

max

B

B

ld

d

l

ld

d

l

.

After replacing 
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 in (3.32), the optimum value of 
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[image: image467.wmf](

)

(

)

(

)

(

)

å

å

å

å

å

Î

Î

Î

Î

Î

+

+

+

+

+

÷

÷

ø

ö

ç

ç

è

æ

+

+

=

2

1

2

1

U

i

2

i

1

2

1

x

i

2

U

i

2

i

2

2

2

x

i

1

U

i

2

i

2

1

2

2

x

2

1

x

U

i

2

i

2

1

4

1

x

U

i

2

i

1

*

*

opt

X

B

e

X

B

e

X

B

B

1

X

B

e

1

dd

d

d

d

d

d

d

d

d

l

,               (3.36)
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Suppose a sample s of size n drawn from the population with 
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where 
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Then the practically used estimator of the population total is calculated as:
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where 
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is an outlier robust estimator of the population total. The difference between 
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The approximate variance of 
[image: image517.wmf]ORreg

t

ˆ

 is given by (3.40). Therefore, a sample estimation of this variance is straightforward. From (3.43) and (3.44) it is easy to see that if 
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This estimator is still better than the simple expansion estimator and the classical regression estimator.

3.3.2. Estimator for two-way mixed models

It is easy to see that the robust regression estimator (3.43) still works when the outliers are small outliers generated by a model where 
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where the indexes 0, 1 and 2 have the same meanings as in section 3.2. 
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Then the optimum values of 
[image: image540.wmf]1
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 and 
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 are obtained by minimising (3.47). From section 3.2, we have :
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where 
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Without obtaining an analytic solution as in the simple case in section 3.2, the optimum values of 
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where :
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Again,  firstly assume that all the related parameters are known, then an outlier robust regression estimator of the population total is defined as:
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where 
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So that 
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with 
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Special cases will reduce the outlier robust regression estimator to previously studied estimators. For example, when 
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As in the previous sections, for obtaining a practically usable estimator, we need to estimate the unknown quantities involved in the estimator. It can be done analogously as in previous sections. Suppose that the unknown quantities are estimated properly, the practically usable population total estimator is:
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where 
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is an outlier robust estimator of 
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Simulation studies show that estimator (3.55) is more efficient than the estimators given by (3.28) and (3.43), where the first one does not use auxiliary information and the second one deals with only one kind of outliers.

3.4. A generalisation

The idea of rescaled estimator (3.9) can be generalised as follows: suppose that there exists a transformation 
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In fact, all of the winsorized estimators can be interpreted as special cases of 
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 by using an appropriate function g.
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Our strategy for doing this is to define the 
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where 
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The optimum value of 
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 is chosen by minimising the variance of this estimator. Suppose that 
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The proceeding approach treats 
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 as a random variable. A simpler approach is to treat this value as a fixed constant. In this case we have:
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Differentiating this expression with respect to ( leads to the optimal value:
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Using the estimates defined in (3.59), a sample estimate of 
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In case of equal probability sampling 
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An estimator of the population total is then:
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Compared this estimator with estimator (3.15), they have exactly the same form, but with slightly different definitions of 
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4. Special issues for model-based robust estimators

The robustness of the model-based robust estimators studied in this paper, that is, the generalised HS estimator 
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, will usually depend on the quality of the fitted model. In order to get good quality of model fitting, special issues must be studied: the presence of large proportion of observed zeros for the response variable, the log transformation and the back transformation for non-linear models. Special problems will arise for the back transformation regarding the requirement of access to the sampling frame information.

4.1. Estimation by using a log-linear model

In many cases the data may not follow a linear model, as most of the economical populations. The use of the model-based method is based on a suitable transformation of the data into data following a linear model. Suppose that we have data 
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Based on 
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where 
[image: image672.wmf]{

}

s

j

,

ˆ

2

j

Ï

s

 are estimated residual variances on assuming that the 
[image: image673.wmf]i

e

 are normally distributed. Then a robust population total predictor is:


[image: image674.wmf]å

å

Ï

Î

÷

ø

ö

ç

è

æ

+

+

+

=

s

j

2

j

*

j

s

s

s

i

i

*

ed

Pr

R

ˆ

2

1

X

ˆ

ˆ

exp

Y

t

ˆ

s

b

a

,                    (4.4)

From (4.4), we therefore need to know all the individual values 
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This leads to an estimator of the population total:
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Absolutely, we will lose efficiency by using a sample-based estimation in the place of 
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, then (4.5) will lead us to the estimator:
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which is no other thing than the simple expansion estimator.

Another way to deal with the back transformation without knowing the individual values 
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This estimator can be written as a weighted sum:
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where 
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When the sum of log transformed 
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It is clear too see that 
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 is a calibration estimator calibrated on log scale of the auxiliary variable since we have: 
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The efficient loss caused by using the estimation 
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Chen and Chen (1996) studied the problem of back transformation when the individual 
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 values are not available. They proposed to use a set of weights which are calibration weights calibrated on the original scale of the auxiliary variable.

4.2. Estimation in the presence of large proportion of observed zeros

In this subsection, we give a brief discussion about a typical problem in survey data: the presence of large proportion of observed zeros. This problem has already attracted the attention of survey statisticians. A recent study of this issue was found in Karlberg (2000). The presence of large proportion of observed zeros in the sample data will distort the fitted model and therefor leads to poor estimate. They may also cause problems for the log transformation if the data follows a log-linear model. Suppose that a linear model was constructed based on the non-zero observations, in original scale or in log scale. Let 
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For the component 
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here 
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 is a vector of unknown logistic model parameters. Let 
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It is the estimated probability of having a positive value of 
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5. Outlier robust imputation by reverse calibration

5.1. Introduction

Imputation of outlier observations, missing values and errors are important tasks of data editing. The aim of editing is to obtain a clean, complete dataset that is suitable for general use and for the use of standard statistical methods and software. Population total estimation and further analysis of the data are based on the clean and complete dataset. The context of this study is that outliers are detected in sample survey data. Using a certain outlier robust technique, we can produce an outlier robust estimate of the population total that does not ask to impute the outlier values firstly. But the outlier robust methods are usually too sophisticated for general use. For obtaining a clean and complete dataset for general use, we modify the outlying values to un-outlying or less outlying values based on the individual outlier values and the robust population total estimation. Outlier detection and accommodation techniques are heavily studied in the literature (Kish (1965), Searl (1966), Hitiroglou and Srinath (1981), Chambers (1982, 1986), Lee (1991, 1995), Chambers and Kokic (1993), Atkinson (1994), Hadi (1993, 1994), Hulliger (1995), Welsh and Ronchetti (1998), Duchesne (1999), Ren and Chambers (5001a, 2001b), Hentges (2001a, 2001b)). However, the “post imputation” of outlier values to un-outlying or less outlying values by making reference of the individual outlier values and the robust total estimation has not yet been studied in the literature. In this paper we study the “post imputation” of outlier values by firstly supposing a robust population total estimation, then to proceed the imputation procedure in such way that the robust population total estimation can be recovered by standard method based the clean data. To achieve the above aim, we propose a calibration procedure. In this procedure, the sampling weight variable plays the role of covariate (fixed in the calibration), while the variable of interesting plays the role of a weight variable which is to be modified to meet the calibration constraint, that is, to recover the robust population total estimation. We give the name reverse calibration for this procedure due to the changed role of the sampling weight variable compared to the standard calibration procedure (Deville and Särndal (1992), Deville, Särndal and Sautory (1993)). The method studied in this paper applies also to imputation of missing values and errors. This is done by firstly produce a reliable population total estimation by taking missing values and errors into account. Secondly, produce preliminary imputed values by using traditional methods. Calibration is then proceeded by calibrating on the preliminary imputed values in order to recover the population total estimation. Compared to the reverse calibration imputation for outlying values, the difference of the reverse calibration imputation for missing values and errors lies on the reference value. Compared to the existing methods for missing value imputation, the method studied in this paper has the advantage of preserving the population total estimation that is believed reliable.

Theory and methods are presented in section 2 where different cases are studied separately. Imputation for representative outliers is studied in section 2.1. Imputation for non-representative outliers is studied in section 2.2. Imputation for missing values and errors is studied in section 2.3. General case is studied in section 2.4. Numerical evaluations of the studied methods are presented in section 3 by using a real survey dataset which is part of an Annual Business Inquiry data (hereafter abbreviated as ABI data) prepared by Office of National Statistics (hereafter abbreviated as ONS) for Euredit evaluation use. Some more detailed numerical results and plots are given in appendix.

5.2.Theory and methods

5.2.1. Robust imputation of representative outliers

Suppose a sample 
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As an example, suppose that 
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 is a robust modify-weight type estimator (Ren and Chambers (5001b)) or a robust estimator that results a re-weighted estimator:
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Then an estimate of the sub-population total 
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Without loss of generality, we assume that 
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 is positive. The magnitude of 
[image: image771.wmf]y

t

2

ˆ

 reflects the belief of the statistician on the importance of the outlier units taken into account in the estimation procedure, involved in the choice of tuning constant or cut-offs.

The aim of robust editing is to modify the outlier values to un-outlying or less outlying values, such that after editing a clean dataset with observations 
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 to be determined, is suitable for general use and for use of standard statistical methods and software, in the sense that the standard method with the clean data can produce the same population total estimation as the robust method before imputation. For example, if 
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If 
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The outlier values are true values, they should be referenced in the imputation procedure. By referencing the true outlier values, we impose to the imputed values that a distance measure 
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 between the imputed values and the true values be minimised under the constraint (5.4). This means that we modify the outlier values “as slightly as possible” subject to condition (5.4), in order that the true values are respected “as well as possible”.

Suppose that 
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where 
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where the weight-value product 
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From equations (5.4) and (5.5), this procedure can be viewed as a calibration procedure by treating (formally) the sampling weight variable 
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 as auxiliary variable, with known total 
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By solving the above minimisation problem, the solution can be easily found:
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From expression (5.7), it is clear that the outlier robust reverse calibration imputation of 
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 adjusted by a quantity related to the difference between the robust estimation and the simple expansion estimation of the subtotal of the outlier units, and related to the weight-value product of the individual outlier unit. The second term on the right hand side of (5.7) is negative if the outliers are mainly “big” outliers, the true values 
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 are thus down-modified. By “big” outliers, we mean the outlier values that have large positive deviations from their predicted values. The second term on the right hand side of (5.7) is positive if the outliers are mainly “small” outliers, the true values 
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 are thus up-modified. By “small” outliers, we mean the outlier values that have large negative deviations from their predicted values. This agrees with the general idea of outlier modification in the outlier robust procedure, for example, the two-way winsorization (Ren and Chambers (5001b)).
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this is simply a ratio-type imputation based on robust population total estimation. 

It is clear that the role of 
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where 
[image: image810.wmf]i

Y

ˆ

 is a some kind of robust prediction of 
[image: image811.wmf]i

Y

, for example, robust conditional mean of 
[image: image812.wmf]i

Y

 given 
[image: image813.wmf]s

: 
[image: image814.wmf]=

i

Y

ˆ



 INCORPORER Equation.3  [image: image815.wmf](

)

s

Y

E

i

. As an example, suppose that the finite population is generated by a super-population model (:


[image: image816.wmf](

)

(

)

U

i

X

v

X

Y

V

X

X

Y

E

i

i

i

i

i

i

Î

=

=

),

(

,

,

,

2

s

b

b

b

x

x

                     (5.10)

where 
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Obviously, these fitted values can be used as imputed values for the outlier units, this leads to the regression imputation. But we do not stop here since these fitted values may not be optimum in the sense that they do not make reference of the individual outlier values 
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The quantity 
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 at the right hand side of (5.12) is an estimate of the robust residual of the outliers. If this residual is positive, it means that the outliers are mainly under the regression line; therefore the outlier values will be up-modified. If this residual is negative, it means that the outliers are mainly over the regression line; therefore the outlier values will be down-modified.
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From (5.7) and (5.12), it is not guaranteed that the imputed values are positive or effective in the sense of satisfying editing rules. If 
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 is intrinsically positive, a negative imputed value is not acceptable, nor a value failed to editing rules. To prevent negative values, we can use a different distance measure (e.g., the distance measures 2-5 proposed in Deville and Särndal (1992)) or use the distance measure (5.6) with 
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, which turns the imputation to ratio-type imputation. From (5.8) we can see that the imputed values are all positive. While from (5.13) we see that if 
[image: image837.wmf]s

b

ˆ

 is positive then the imputed values are all positive. To prevent ineffective imputed values, we can use a constraint calibration or use a cut-off to control the ineffectively imputed values.

From (5.8) and (5.13), the ratio-type imputation simply down-modifies or up-modifies all of the outlier values by a same ratio 
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. Then it is easy to obtain the following formulas corresponding to formula (5.7):
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The formulas corresponding to formulas (5.8), when 
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The formulas corresponding to formulas (5.12) are:
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where 
[image: image848.wmf]s

b

ˆ

 is an outlier robust estimators of 
[image: image849.wmf]b

. The formulas corresponding to formulas (5.13), when 
[image: image850.wmf]2

,

s

i

d

q

i

i

Î

=

, are:


[image: image851.wmf]ï

ï

ï

î

ï

ï

ï

í

ì

Î

=

Î

=

+

Î

Î

-

Î

Î

å

å

å

å

+

+

-

-

2

*

2

*

,

ˆ

,

ˆ

2

2

2

2

s

i

Y

d

X

d

Y

Y

s

i

Y

d

X

d

Y

Y

s

i

i

i

s

i

i

s

i

i

i

s

i

i

i

s

i

i

s

i

i

i

b

b

                                    (5.17)

Problems may arise for the calculation of 
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Another way to calculate 
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The advantage of using estimators (5.18) is that the population total estimate 
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 can be recovered exactly in some cases. However, if the sampling weights 
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 are to variable, for example, usually the small outliers should have large weights, then there is a risk that the small outliers will be over imputed as a consequence of over estimation of 
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A potential advantage of reverse calibration imputation is that we can use the program CALMAR (Sautory (1993)) to do the calibration, with the convenience that several different distance functions 
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5.2.2. Imputation of non-representative outliers

We distinguish the outlier values to two different kinds regarding their representativeness. Compared to representative outliers, by non-representative outliers we mean that the outlier units are unique in the sample, no similar units existing in the non-sampled part of the population. The principles for distinguishing the two kinds of outlying values in the editing procedure are beyond the scope of this study. However, the treatments of the two different kinds of outliers in the estimation procedure are very different. A usual way to treat the non-representative outliers is to put them a unit weight. Here we will not go into the details of robust estimation methods. Concerning the imputation procedure only, the aim of imputation is to impute the outlier units, representative or not, normal values which are suitable for use of standard statistical methods. This means that after imputation, the imputed values for the non-representative outliers are now become representative. Their associated sampling weights will now be used without difference in the subsequent analysis. This point is important in the process of imputation and will make the imputation result easy to use. Under the above consideration, in the imputation procedure, we should treat non-representative outliers equally. Therefore all of the results obtained in the above are applicable to the imputation of non-representative outliers, for the case of presence of only non-representative outliers in the sample or the case of presence of both.

5.2.3. Imputation of missing values and errors

Non-response and missing values are typical characteristics of survey data. Some of the sampled units refuse or unable to response the whole or some of the survey questions result in missing values. Here we assume component missing, that is, only a part of the survey questions are not responded. Further, we assume that the missing values are missing at random. By errors, we mean those observations failed to editing rules that are doubted not correctly reported or collected, or considered to be subject to other errors. We assume that errors are not informative, that is, they are not related to the true values of these units. Further, we assume that errors occur randomly. Under these conventions, we can treat errors as missing, that is, to discard the erroneous values and simply put them missing. In this way, we have theoretically only missing values in the sample. 

The conventional way of data editing is to impute the missing values firstly to obtain a complete dataset, then to calculate the population total estimation on using the imputed values. In fact, it is not necessary to impute the missing values for calculating the population total estimation. For example, if a probability model or a mechanism of response can be constructed, then re-weight method can be used to produce a population total estimation (Deville, Särndal (1994), Lundström and Särndal (1999)). The context of this study is that a proper model of response and a reliable population total estimation are constructed. We are interested in imputing the missing values in order to get a complete dataset for subsequent use. Obviously, existing imputation methods such as “hot deck”, “cold deck” and regression imputation can be used. But these methods do not make reference of the population total estimation. Our aim here is to produce imputed values that meet the constraint of the population total estimation. Different from the imputation of outlier values, here we have not observed individual values for reference. Our idea is to use the method developed in section 2.1 on the predicted values or preliminary imputed vales of the missing units.

Suppose that a sample 
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For example, if 
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 is simply a re-weighted estimator:
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Let 
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 be a some kind of predicted value or preliminary imputed value for the missing value 
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by minimising a distance measure 
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. Under the constraint (5.22), we will recover the population total estimation by using the simple expansion estimate based on the complete dataset:
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Using the same distance measure given in (5.5) and the results obtained in sections 2.1, we can easily find the solution:
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When 
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which is simply a ratio-type imputation.

Suppose an auxiliary variable 
[image: image903.wmf]X

 with observations recorded over the whole sample 
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 based on the respondents, then (5.23) can be modified as:
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where 
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A model-based version of 
[image: image912.wmf])

(

ˆ

n

y

t

 can be obtained by calculating 
[image: image913.wmf]y

t

ˆ

 and 
[image: image914.wmf])

(

ˆ

r

y

t

 as:


[image: image915.wmf]ï

î

ï

í

ì

+

=

+

=

å

å

å

å

Ï

Î

Ï

Î

s

j

j

j

s

s

i

i

r

y

s

j

j

s

s

i

i

y

X

p

Y

t

X

Y

t

r

r

r

r

r

b

b

ˆ

ˆ

ˆ

ˆ

)

(


When 
[image: image916.wmf]n

i

i

s

i

d

q

Î

=

,

, (5.25) simplifies to:


[image: image917.wmf]å

Î

=

n

r

r

s

i

i

s

i

n

y

i

s

i

X

d

t

X

Y

b

b

ˆ

ˆ

ˆ

)

(

*

.                                         (5.26)

From (5.26) it can be seen that the modification of the regression imputation by the reverse calibration is simply multiplying the regression imputation by a constant ratio. That ratio reflects the belief on the subtotal estimation of the non-respondents 
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5.2.4. General case

In this section we consider the general case that there are all kinds of undesired observations in the sample: outliers, representative or non-representative, missing values and errors. According to the discussion in the previous sections, concerning the imputation procedure only, we do not distinguish representative and non-representative outliers, nor missing values and errors. So theoretically we have only outliers and missing values in the sample. The results for imputation of outliers and missing values obtained in the previous sections are easy to be adapted to general case.

Suppose that a sample 
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. Under this set up and the distance measure (5.5), we can easily find the imputed values:
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where the meaning of 
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 is the same as previously described.

Usually the outlying values and the missing values should follow different models in relation to the sampling weight variable and the auxiliary variable. In general speaking, small outliers usually have large sampling weights, big outliers will probably have small weights. While for the missing values, there is generally no fixed relationship to the sampling weight. In relation to the auxiliary variable, the outliers do not follow the same model as for the inliers, while the missing values may follow the same model as for the inliers. For this consideration, we may get better result if treat the outliers and missing values separately. 
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where 
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The imputed values are given by:
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Compared to the imputation of only outliers or only missing values, the above formulation is equivalent to impose one more independent constraint to the calibration procedure. Further more, if we have both small and big outliers in the sample, we can treat them separately. This is equivalent to impose one more independent constraint to the calibration procedure. We may have:
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where 
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 are the corresponding sub-total estimates. Our numerical results show that the separate treatments improve the imputation result. 

The difference between (5.27) and (5.31) is that the population total estimation can be recovered exactly in the former case. In the later case, we may get more reasonable individual imputed values, but the robust population total estimate may not be recovered exactly in some cases. Usually the difference between the two is negligible.

5.2.5. Variance and variance estimation

Variance and variance estimation of the population total estimation based on the clean and complete data set is not a main concern of this study. One reason is that the data set is designed for other use, rather than for estimation of population total. So variance and variance estimation are related to the concrete usage of the data set. There is no doubt that the imputed values should have influence on the variance and variance estimation, but it is difficult to discuss this issue in a general way. However, in this section, we give a brief discussion about the variance and variance estimation of the population total estimation. Note that the aim of imputation is to recover the robust total estimation 
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 by simple or standard statistical methods, so the variance of the population total estimation is the same as the variance of the robust population total estimation. Suppose that 
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 is a modify-weight estimator, then from (5.3) we have:
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Again we come into a general problem: variance and variance estimation of robust estimators. As the robust methods are various, there is no general description for variance and variance estimation. At this stage, we cannot go any further concerning this issue. However, studies of this issue will be continued.

Part II. Numerical evaluations of the robust methods

1. Introduction

In this part, we study the performance of the outlier robust estimators studied in the paper of Ren (2001a, 2001b) by using real survey data. The dataset used in this paper is an annual business inquiry data, so-called ‘ABI data’ hereafter, provided by the Office of National Statistics of Britain, so-called ‘ONS’ hereafter. A preliminary analysis of the dataset is given in section 2, where the regroup of small strata, the analysis of large units, observed zeros and not available cases, perturbed errors and perturbed effects for the perturbed data are studied. Section 3 deals with data preparations, preparing the data ready to be used for calculation of the various estimators, including outlier identification. Section 4 deals with the computational details for the various estimators studied in this paper. Some special preparations are needed for the model-based estimators, including the presence of observed zeros and not available case, and the back transformation if a log transformation is used. Section 5 presents the numerical results obtained from the analysis of the ABI data. The details of the numerical results are given in appendix.

2. Preliminary analysis of the ABI data

The ABI 1997 data has 31 analysis variables among which seven total variables which are sums of certain component variables, and two auxiliary variables, with several different sectors classified according to industrial activities. We will use the sector one of the 1997 survey, the data files ‘sec197(true)’ called ‘true data’ hereafter which is the true observed dataset of the survey, and ‘sec197(y3)’ called ‘perturbed data’ hereafter which is a dataset obtained form the true data by introducing some errors. The datasets are provided by ONS. There are 6099 case records for each variable. We chose the seven total variables as our analysis variables (or y-variables), these are the total turnover ‘turnover’, the total tax paid ‘taxtot’, the total purchase ‘purtot’, the total employment cost ‘emptotc’, the total number of employment ‘employ’, the total proceeds from capital asset disposal ‘assdisp’ and the total cost of all capital assets acquired ‘assacq’. As co-variables we use the registered turnover ‘turnreg’ and the registered employment ‘empreg’ where the totals by stratum are known. But in the dataset, the registered employment is categorised. 

2.1. The design stratum and the regrouped stratum

The sampling design of the ABI data is a stratified simple random sampling. The strata are constructed according to activity class and size band of registered employment. For sector one, there are 42 strata in total but there is one stratum, the stratum where ‘class’=7 and ‘empreg’=4 is not presented in the sample. Table 2.1 below gives the design stratum, stratum weight, stratum size, stratum sample size and stratum total of the covariate Turnreg.
Table 2.1. The design stratum, stratum weight, stratum size ‘stratsize’, stratum 

sample size ‘samsize’ and stratum total f Turnreg.

Stratum
Class
Empreg
Weight
Stratsize
Samsize
Starum total of Turnreg

1
1
1
24.316
5787
238
1467231

2
1
2
7.281
160
22
309408

3
1
3
3.167
19
6
73194

4
1
4
3.521
11
3
19368

5
1
5
1.5
3
2
33559

6
1
6
2
4
2
17103

7
2
1
41.264
89419
2167
19400356

8
2
2
12.554
7206
574
6504356

9
2
3
6.474
1884
291
3782627

10
2
4
2.904
424
146
2032744

11
2
5
1.751
236
135
3430530

12
2
6
1.5
249
166
44474120

13
3
1
82.175
46429
565
7778850

14
3
2
15.478
2569
166
1443566

15
3
3
10.731
633
59
683270

16
3
4
4.425
133
30
357853

17
3
5
1.911
44
23
323217

18
3
6
2.17
41
19
3061697

19
4
1
53.253
9373
176
1715349

20
4
2
8.199
443
54
608703

21
4
3
6.069
176
29
710049

22
4
4
2.208
57
26
342251

23
4
5
2.071
29
14
555741

24
4
6
1.278
23
18
6306496

25
5
1
84.634
35462
419
6595637

26
5
2
20.417
2062
101
1565460

27
5
3
8.775
509
58
813780

28
5
4
3.758
132
35
542556

29
5
5
2.022
111
55
1274945

30
5
6
1.511
138
91
87299264

31
6
1
43.052
6415
149
3073139

32
6
2
13.783
992
72
1131678

33
6
3
5
255
51
600865

34
6
4
1.45
65
45
361173

35
6
5
1.731
29
17
344908

36
6
6
1.568
14
9
1958880

37
7
1
118.584
4032
34
464228

38
7
2
10.788
194
18
99772

39
7
3
2.7
27
10
27351

40
7
5
1
1
1
5506

41
7
6
1.333
4
3
141959

Total



215794
6099
211732739

There are some strata with only a few observations, for example, the strata 3-6, the strata 39-41 in table 2.1. We regrouped the small strata within the same activity class to form relatively big stratum. The strata 2-6 are regrouped together to form the stratum 2 of the regrouped strata; the strata 16-18 are regrouped together to form the stratum 12; the strata 20-21 are regrouped to form the stratum 14; the strata 22-24 are regrouped to form the stratum 15; the strata 34-36 are regrouped to form the stratum 25; and the strata 38-41 are regrouped to form the stratum 27. We then have 27 regrouped strata. The regrouped stratum, stratum size, stratum sample size and stratum total of Turnreg are given in table 2.2 below. The regrouped stratum size is calculated as the sum of weights within the stratum. The stratum total of Turnreg for the regrouped strata is calculated according to the stratum totals of the designed strata.

Table 2.2. The regrouped stratum, stratum size ‘stratsize’, stratum sample

size ‘samsize’ and stratum total of registered turnover.

Stratum
Stratsize
Samsize
Starum total of turnreg

1
5787
238
1467231

2
197
35
452632

3
89419
2167
19400356

4
7206
574
6504356

5
1884
291
3782627

6
424
146
2032744

7
236
135
3430530

8
249
166
44474120

9
46429
565
7778850

10
2569
166
1443566

11
633
59
683270

12
218
72
3742767

13
9373
176
1715349

14
619
83
1318752

15
109
58
7204488

16
35462
419
6595637

17
2062
101
1565460

18
509
58
813780

19
132
35
542556

20
111
55
1274945

21
138
91
87299264

22
6415
149
3073139

23
992
72
1131678

24
255
51
600865

25
109
71
2664961

26
4032
34
464228

27
226
32
274588

Total
215794
6099
211732739

2.2. A simple analysis of large units 

A simple analysis of large units in each stratum is conducted, where the contribution of the first five largest units to the total weighted sum of the observations within stratum are calculated. The results are given in table 2.3. For some variables, the weighted sum of the first five largest units may represent 50% or more of the total weighted sum within stratum. In general, for all of the seven analysis variables, the five largest units contribute large proportions of the weighted sum in the strata 2, 8, 12-13, 15, 21 and 25-27. The situation for the variables Assdisp and Assacq are different where large proportion of observed zeros and not available cases exist. This makes the first five largest units more important. The total number of observed zeros and not available cases for the variables Assdisp and Assacq represent more than half of the total records, see table 2.4. 

Table 2.3. Contribution to the weighted sum of the first five largest units, by stratum
Stratum
Turnover
Taxtot
Purtot
Emptotc
Employ
Assdisp
Assacq

1
0.202
0.138
0.239
0.208
0.126
0.754
0.361

2
0.603
0.421
0.582
0.547
0.545
0.973
0.789

3
0.304
0.173
0.201
0.578
0.366
0.591
0.397

4
0.057
0.121
0.064
0.051
0.045
0.281
0.216

5
0.137
0.237
0.147
0.117
0.129
0.375
0.396

6
0.144
0.213
0.152
0.137
0.082
0.652
0.222

7
0.177
0.245
0.186
0.154
0.137
0.409
0.295

8
0.420
0.290
0.427
0.366
0.296
0.553
0.508

9
0.054
0.068
0.055
0.066
0.052
0.383
0.184

10
0.137
0.253
0.141
0.120
0.078
0.564
0.300

11
0.330
0.386
0.354
0.244
0.157
0.937
0.862

12
0.734
0.654
0.743
0.722
0.736
0.633
0.683

13
0.604
0.918
0.595
0.268
0.191
0.567
0.401

14
0.385
0.465
0.451
0.295
0.209
0.808
0.544

15
0.570
0.723
0.555
0.624
0.637
0.887
0.689

16
0.060
0.115
0.057
0.105
0.066
0.785
0.265

17
0.124
0.317
0.127
0.174
0.122
0.872
0.557

18
0.319
0.313
0.312
0.309
0.320
0.936
0.844

19
0.237
0.529
0.246
0.268
0.300
0.941
0.655

20
0.181
0.309
0.190
0.178
0.167
0.894
0.449

21
0.575
0.553
0.572
0.545
0.553
0.806
0.649

22
0.114
0.260
0.112
0.130
0.118
0.700
0.417

23
0.139
0.359
0.138
0.182
0.140
0.854
0.614

24
0.177
0.401
0.185
0.346
0.171
0.809
0.496

25
0.787
0.824
0.782
0.725
0.764
0.835
0.752

26
0.425
0.606
0.514
0.523
0.515
1.000
0.774

27
0.561
0.711
0.546
0.637
0.763
0.927
0.843

Table 2.4. Number of observed zeros and not available cases for Assdisp and Assacq, by stratum


Assdisp
Assacq

Stratum
Sample size
Number of observed zeros
Number of not available cases
Number of observed zeros
Number of not available cases

1
238
155
64
122
46

2
35
20
7
8
5

3
2167
1249
660
890
457

4
574
336
105
199
64

5
291
139
54
65
29

6
146
48
23
17
6

7
135
32
10
5
1

8
166
19
13
1
2

9
565
399
121
313
85

10
166
109
32
65
26

11
59
40
8
18
5

12
72
16
13
5
7

13
176
121
32
80
22

14
83
41
9
17
5

15
58
16
5
4
1

16
419
287
112
226
78

17
101
61
28
43
17

18
58
33
13
12
5

19
35
12
6
2
5

20
55
11
7
3
2

21
91
8
3
1
1

22
149
96
32
60
21

23
72
53
9
27
6

24
51
31
5
15
2

25
71
23
7
7
4

26
34
27
4
17
4

27
32
17
6
11
2

Total
6099
3399
1388
2233
908

2.3. The perturbed errors

The true survey data ‘sec197(true)’ are perturbed to create the dataset ‘sec197(y3)’ with errors, called ‘perturbed errors’. The outlier robust estimators studied in Ren (2001a, 2001b) will be tested by using both the true data and the data with perturbed errors. There are two kinds of perturbed errors, the missing error and the record error. The missing errors are created by putting missing of some of the true observed values of the analysis variables, while the record errors are created by changing some of the true observed values of the analysis variables according to a certain rule (done by ONS). Regarding the evaluation of the robust methods of estimation, the missing errors are not considered for the present study. Missing values are filled with the true observed values. The perturbations of the data are important in the sense that the population total estimates have been changed a lot on the simple expansion estimate. The perturbed effect is calculated as the ratio of the simple expansion estimate of total based on the perturbed, the modified perturbed data over the simple expansion estimate of the total based on the true data. This value ranges from 16 to 458 for the perturbed data, and ranges from 0.34 to 17.33 for the modified perturbed data as given in table 2.5. Table 2.6 below gives the statistics of the perturbed errors by stratum excluding the missing errors. The variable Assdisp is the most perturbed variable according to the perturbed effect. The variable Purtot is the most perturbed variable according to the number of perturbed errors.

Table 2.5. The simple expansion estimate of totals for the true data, the perturbed data and 

The modified perturbed data, and the effect of perturbation


Turnover
Taxtot
Purtot
Emptotc
Employ
Assdisp
Assacq

True data
269088777
4631853
189689033
29419325
3436438
2092934
10357957

Perturbed data
23940828154

(89)
433037171

(93)
20628347538

(109)
2341366607

(80)
55779178

(16)
958196444

(458)
1202675974

(116)

Modified Perturbed 

data
252666819

(0.94)
29346098

(6.34)
185752561

(0.98)
9298973

(0.34)
3431027

(1.00)
14414006

(6.89)
179541227

(17.33)

*The numbers in the brackets are the effect of perturbation.

Table 2.6. Number of perturbed errors by variable and by stratum

Stratum
Turnover
Taxtot
Purtot
Emptotc
Employ
Assdisp
Assacq

1
6
17
30
10
1
6
8

2
0
1
2
0
0
0
0

3
95
179
225
123
14
72
88

4
20
34
45
26
5
21
18

5
8
26
31
17
4
7
9

6
10
14
18
12
3
8
9

7
6
8
15
9
1
8
8

8
10
21
24
16
1
13
13

9
20
43
55
25
5
23
24

10
10
17
26
9
1
8
10

11
0
5
3
2
0
1
1

12
0
6
9
1
1
0
0

13
8
20
18
10
2
6
10

14
3
5
10
5
0
5
6

15
3
5
6
3
1
3
3

16
13
29
32
19
1
13
14

17
1
4
8
5
0
2
3

18
2
5
7
2
1
2
1

19
1
2
2
1
2
2
2

20
2
6
7
4
1
2
2

21
7
7
13
8
2
5
4

22
5
12
21
9
1
5
3

23
3
6
7
3
1
3
3

24
1
2
6
3
0
2
2

25
3
4
4
6
1
3
3

26
1
1
2
1
0
2
2

27
3
3
3
3
0
2
2

Total
241
482
629
332
49
224
248

2.4. A particular stratum

Among the 27 regrouped strata, the stratum 21 is particular. The estimated (simple expansion estimate) stratum total represents from 32 percent to 68 percent of the estimated population total for the true data, and represents from 2.5 percent to 85 percent of the estimated population total for the perturbed data, see table 2.7 below. While the stratum sample size and the stratum size represent only 1.49 percent and 0.06 percent of the total sample size and the population size, respectively. For such particular stratum, the stratum total estimate may dominate the population total estimate. Any significant under-estimate or over-estimate of this stratum total will result a significant under-estimate or over-estimate of the population total. For this reason, special precautions should be paid to this stratum. Since both the sample size and the sampling weight of this stratum are small, 91 and 1.511, respectively, we prefer to not locate outliers in this stratum for the true data, since any doubtful observations should be checked and correct in the practice. We may even exclude this stratum from analysis especially for the perturbed data since the perturbation has too important effect on this stratum because of the way of perturbation and the big variable values. Table 2.7 below gives the proportion of the estimated total of stratum 21 over the overall estimated total, for the true data and the perturbed data.

Table 2.7. Proportion of the estimated total of stratum 21 over the overall estimated total,

for the true data and the perturbed data

Dataset
Turnover
Emptotc
Purtot
Taxtot
Employ
Assdisp
Assacq

True data
45%
38%
47%
32%
41%
68%
53%

Perturbed data
81%
72%
85%
34%
2.5%*
51%
67%

*We have another stratum, the stratum 13, which represents 43% of the estimated total for Employ, for the perturbed data.

3. Data preparation

For most of the estimators studied in the paper of Ren (2001b), data preparations are needed to prepare the data ready for computing the various estimators. Typical problems are the observed zeros, the outlier identification and the optimum cut-offs. In section 3.1, we give a simple summary of the characteristics of the various estimators in terms of dataset requirements, outlier identification and tuning constant or cut-off. In section 3.2, we give the preparations to the observed zeros and not available cases. In section 3.3, we give the outlier identification results and the optimum cut-offs. 

3.1. A simple summary of the studied estimators

The estimators studied in this paper can be classified into two classes regarding the use of auxiliary information: estimators do not use auxiliary information and estimators use auxiliary information. For each class of estimators, they can be further classified into two classes regarding the dependency of outlier pre-identification: estimators depending on pre-identification of outliers, and estimators not depending on pre-identification of outliers. For the estimators not depending on the pre-identification of outliers they depend usually on predefined cut-off or tuning constant. The following table summarised the characteristics of the estimators and a code is attributed to each estimator for simplicity of citation.

Table 3.1. Description of estimators and their attributed code

Estimators not depending on auxiliary variable

Estimators
Code
Description of characteristics

Simple expansion estimator
EstimHT
(the reference estimator for this class)

Hidiroglou and Srinath (HS) estimator
EstimHS
Depending on outlier pre-identification 

Design-based outlier robust estimator
Estdbrob
Depending on outlier pre-identification.

The generalised design-based outlier robust estimator
Estrobrc
Depending on outlier pre-identification.

The down-weighting estimator (put unit weight to extremely large units)
Estweit
Not depending on outlier pre-identification, but on a tuning constant (or a cut-off).

Type II winsorized estimator
Estwins
Not depending on outlier pre-identification, but on a tuning constant (or a cut-off).

Kokic and Bell optimum winsorized estimator
EstimKB
Not depending on outlier pre-identification, but on pre-defined optimum cut-offs.

Estimators depending on auxiliary variable

Estimators
Code
Description of characters

The model-based regression predict estimator
Clprdreg
This estimator is served for reference. Depending on the individual auxiliary variable value over the non-sampled part of the population if a log linear model is fitted.

Generalised HS estimator
Estghsrc
Depending on outlier pre-identification and the individual auxiliary variable value over the non-sampled part of the population if a log linear model is fitted.

The generalised Kokic and Bell estimator
Estgkbrc
Depending on a pre-determined cut-off or a tuning constant and the individual auxiliary variable value over the non-sampled part of the population if a log linear model is fitted.

The model-based robust regression estimator
Estregrc
Depending on a pre-determined cut-off or a tuning constant and the individual auxiliary variable value over the non-sampled part of the population if a log linear model is fitted.

The design-based classical regression estimator
Estclreg
This estimator is served for reference.

The design-based robust regression estimator
Estrobreg
Depending on outlier pre-identification.

3.2. Preparation for observed zeros

As pointed out in the paper of Ren (2001b), large proportion of observed zeros will cause problems for the model-based estimators, the not-available case too. They must be considered differently. As for the ABI data, only the variables Assacq and Assdisp have large proportions of observed zeros and not available cases, see result in table 2.4. As pointed out in the previously mentioned paper, a logistic model may be used to model the probabilities of observed zeros and not-available cases. This requires the individual values of the auxiliary variable and these are not available for the ABI data. When the proportions are large, as for Assacq and Assdisp, there are simple ways to deal with this kind of problems. Let us split the sample into four sub-samples as: 
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 is the sub-sample called ‘effective sample’ consisting of the complete observations: no observed zeros, no not-available and no missing values for the survey variable and the auxiliary variable. 
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 is the sub-sample containing the not available cases in the analysis variable. For the model-based robust estimators, the outlier identification and robust estimation apply only on the effective sample 
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. The population total estimate is calculated as a sum of two sub-estimates:
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. The sub-population size needs to be estimated too: 
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The above preparations apply to each stratum if a stratified estimator is calculated, and apply to the overall sample if a cross-stratum estimator is calculated. The estimated sub-population totals and sub-population sizes across stratum are given in the following table 3.2.

Table 3.2. Effective sample size, estimated sub-population size and

sub-population total for Turnreg 

Variables
Effective Sample size
Estimated sub-population size
Estimated sub-population total

Turnover
6082
215209
211715148

Taxtot
5668
193378
208837306

Purtot
6078
214852
211681759

Emptotc
5386
179083
207992848

Employ
5363
177893
207399600

Assdisp
1310
23741
156374841

Assacq
2952
78126
183682572

3.3. Outlier identification and the optimum cut-offs

For the model-based estimators, the outliers are defined as the observations having large regression residuals in absolute value. An outlier identification procedure has been developed (Adao, 2001a) by using the forward search method (Atkinson, 1994). Outlier observations are identified by fitting a log-linear model on using the covariate Turnreg, for two different cases: within stratum and across stratum. The model-based estimators which are depending on outlier pre-identification are calculated on using the outlier identification results obtained in Adao (2001b). The within stratum results are cited in table 3.3. For the design based outlier robust estimators, the outliers are defined as the observations having large deviations from their estimated mean or their estimated conditional mean on using the covariate Turnreg, in original scale. Big outliers are declared when detecting large positive deviations, and small outliers are declared when detecting large negative deviations. A backward search procedure has been developed for detecting multiple outliers by using the Mahalanobis distance measures. The procedure begins with the full dataset, detects outliers and excludes them for subsequent detections, stops until no-outliers in the rest of the dataset. We thus have much more outliers compared to the results where outliers are detected in log scale. This property goes well with the property of the design-based robust estimators, which do not care much the number of outliers in the dataset, especially when existing both small and big outliers. Thought the backward search method is not so rigorous compared to the forward search method, but it meets our demand for time saving and is suitable for simulation studies. A study of the difference of the forward search method and the backward search method will be conducted in a later study. Table 3.4 gives the within stratum outlier identification results with the backward search method without using the covariate Turnreg. 

For the estimators depending on pre-defined tuning constant or a cut-off, no theory about the optimum values of the tuning constant and the cut-off, as for the model-based robust estimator and the type II winsorized estimator. However, for Kokic and Bell’s estimator, optimum cut-offs are calculated according to the procedure stated in the paper of Ren (2001b), where initial outlier robust estimates of stratum means are used. Table 3.5 below gives the total number of cuts applied by stratum. The results show that only a few cuts are applied for both the true data and the perturbed data. Some simulation results also show that Kokic and Bell’s optimum cut-offs apply only to a few extremely large units. 

Table 3.3. Number of outliers located by forward search on

using the covariate Turnreg, in log scale (within stratum)

(a). True data 

Stratum
Turnover
Taxtot
Purtot
Emptotc
Employ
Assdisp
Assacq

1
7
1
7
0
0
0
0

2
2
3
4
1
1
0
0

3
44
0
42
8
8
1
0

4
16
0
5
4
6
0
0

5
7
3
5
4
4
1
0

6
6
5
5
5
4
0
1

7
5
2
4
1
2
0
1

8
6
4
4
5
3
1
3

9
15
0
13
1
1
0
0

10
3
0
1
5
7
0
0

11
3
2
3
2
1
0
1

12
3
0
4
0
0
0
0

13
5
3
19
2
0
0
0

14
4
1
7
1
0
1
1

15
2
2
2
1
0
0
0

16
12
0
8
0
1
0
0

17
4
0
0
4
2
0
0

18
2
0
1
2
2
0
1

19
2
0
3
0
1
0
1

20
2
0
2
0
4
1
0

21
3
0
0
2
2
0
2

22
11
0
2
3
2
0
0

23
3
0
1
2
2
0
0

24
2
0
1
3
2
0
1

25
4
2
4
3
3
1
1

26
4
1
9
0
0
0
0

27
2
0
4
2
0
0
0

Total
179
29
160
61
58
6
13

(b). Perturbed data (within stratum)

Stratum
Turnover
Taxtot
Purtot
Emptotc
Employ
Assdisp
Assacq

1
9
6
19
4
1
4
0

2
2
2
5
1
1
0
0

3
119
74
132
70
13
6
25

4
24
17
22
24
9
3
5

5
11
6
13
13
7
3
5

6
13
8
11
14
4
1
9

7
6
4
8
7
1
2
6

8
15
13
12
12
4
2
16

9
28
21
40
17
2
3
5

10
9
9
9
9
7
8
2

11
3
2
2
3
1
0
1

12
3
1
4
1
0
0
0

13
9
8
21
9
2
6
2

14
6
2
7
4
0
1
4

15
5
2
3
3
0
3
3

16
17
10
17
12
1
0
5

17
5
1
3
3
2
0
1

18
3
4
5
2
2
0
2

19
1
1
1
1
1
1
1

20
4
3
4
3
1
2
2

21
6
5
6
5
3
2
6

22
9
5
12
9
2
1
2

23
3
2
2
3
2
1
1

24
2
1
3
4
2
0
1

25
6
1
4
3
3
1
2

26
1
2
8
1
0
0
0

27
3
3
6
3
0
0
0

Total
322
213
379
240
71
50
106

Table 3.4. Number of outliers located by backward search

 without using the covariate Turnreg, in original scale

(a). True data 

Stratum
Turnover
Taxtot
Purtot
Emptotc
Employ
Assdisp
Assacq

1
12
9
43
34
3
0
3

2
1
1
3
2
6
0
2

3
39
57
48
36
25
8
19

4
16
45
30
17
19
7
29

5
15
21
16
5
7
10
20

6
10
8
10
6
3
5
13

7
8
3
10
3
2
8
11

8
34
34
30
35
25
26
19

9
23
32
21
34
14
1
6

10
6
8
8
4
1
0
2

11
3
5
2
2
0
0
3

12
10
12
10
12
10
3
12

13
19
22
15
26
8
0
6

14
9
8
12
3
4
3
6

15
14
11
14
13
10
10
15

16
22
29
15
31
20
1
4

17
1
10
1
8
2
0
3

18
4
3
3
2
2
0
4

19
0
0
0
0
0
1
1

20
1
1
1
0
1
5
0

21
0
1
2
2
2
4
4

22
3
11
3
4
2
1
5

23
0
3
0
1
0
0
3

24
0
4
0
1
0
0
0

25
7
10
6
7
12
3
4

26
1
3
1
1
2
0
0

27
3
4
4
3
3
0
0

Total
261
355
308
292
183
96
194

(b). Perturbed data 

Stratum
Turnover
Taxtot
Purtot
Emptotc
Employ
Assdisp
Assacq

1
17
20
51
40
4
0
8

2
1
1
3
2
1
0
2

3
119
166
136
128
27
14
89

4
32
75
46
35
22
24
46

5
21
38
27
16
8
17
23

6
19
19
14
17
6
12
22

7
12
10
15
12
3
14
17

8
40
40
37
41
21
34
42

9
40
74
42
56
14
6
27

10
11
23
13
9
1
2
9

11
3
5
2
3
0
0
4

12
10
13
10
12
10
3
12

13
25
30
21
34
10
0
14

14
12
12
18
6
4
1
11

15
10
13
15
15
9
12
12

16
29
53
28
43
18
6
15

17
2
14
3
6
3
0
3

18
6
8
7
4
2
0
5

19
1
1
1
1
1
2
2

20
3
7
4
3
1
7
2

21
5
6
7
5
2
3
4

22
8
20
8
10
3
2
8

23
2
7
2
4
0
0
6

24
1
6
2
4
0
0
2

25
9
10
7
8
13
3
5

26
2
4
2
2
0
0
0

27
6
4
7
6
3
0
2

Total
466
679
528
522
186
162
392

Table 3.5. Total number of cuts applied by stratum by Kokic and Bell’s 

  optimum cut-offs, true data and perturbed data.

Variable

Name
Number of Cuts,

True Data
Number of cuts,

Perturbed Data

Turnover
3
1

Taxtot
1
3

Purtot
2
1

Emptotc
1
1

Employ
2
2

Assdisp
2
1

Assacq
3
1

4. Computational details of the estimators

Regarding the complexity of the studied estimators, the computations of them are not straightforward. So we present a further description about the computational details of the estimators. Suppose that a set of outliers is identified by a certain outlier identification procedure. Let 
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4.1. The estimators not using auxiliary information

1. The simple expansion estimator EstimHT
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. This estimator is used as reference estimator in this class of estimators.

2. Hidiroglou and Srinath estimator EstimHS
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where 
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 is the estimated coefficient of variation of the outliers, which is empirically set to 5 or 10, or estimated by:
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3. The design based outlier robust estimator Estdbrob
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4. The generalised estimator Estrobrc
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5. The down-weighting estimator Estweit
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6. The Type II winsorized estimator Estwins
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7. Kokic and Bell’s stratified optimum winsorized estimator EstimKB
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4.2. The estimators using auxiliary information

1. The model-based classical regression estimator Clprdreg
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2. The generalised HS estimator Estghsrc
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3. The generalised Kokic and Bell estimator Estgkbrc 
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4. The model-based robust regression estimator Estregrc
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c is a tuning constant taking values from 2 to 10. Same problems are for the best values of the tuning constant as stated above for the generalised Kokic and Bell estimator.

5. The design-based classical regression estimator Estclreg
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where  
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6. The design-based robust regression estimator Estrobreg
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where  
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4.3. The model-based estimators by fitting a log linear model

For the model-based estimators, they can be constructed by fitting a linear model in the raw scale of the dataset and by fitting a log linear model in the log scale of the dataset. The choice between a linear model and a log linear model depends on the quality of the model fitting, we always use the better fitted model. Experience says a log linear model is appropriate for most of the economic populations. In this later case, we need a back transformation to produce the population total estimate in the original scale which is the target parameter to be estimated. As stated in the paper of Ren (2001b), the back transformation usually asks more auxiliary information than the only knowledge of the population total of the auxiliary variable. Typically, the individual X-values of the non-sample part of the population are needed and this information is unfortunately often not available. We then try to get over this problem by an analytical method studied in Ren (2201b).

1. The model-based classical regression estimator Clprdreg
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This estimator is used as reference estimator in the class of model-based estimators.

2. The Generalised HS estimator Estghsrc
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where 
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While the third term on the right hand side of (4.19) is the exponential of the bias correct term calculated according to (4.11) but in log scale of the data.

3. The generalised Kokic and Bell estimator Estgkbrc 
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4. The model-based robust regression estimator Estregrc
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where 
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where c is the given tuning constant in log scale fitting. If 
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If that sum is unknown, 
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5. Numerical results for outlier robust estimation

In this section we present some numerical results obtained by applying the outlier robust estimation methods to the ABI dataset. The results including model-based methods and design-based methods, applied to the true dataset, the perturbed dataset and the modified perturbed dataset (where the perturbed outliers are treated as errors), to different population models: raw scale linear model and log scale linear model, stratified model and across stratum model. The comparison of the different methods is not straightforward since problems caused by the perturbation, by using different models, by using the auxiliary information, etc. The idea of using the perturbed data to evaluate the methods, I suppose which was a designed purpose of the Euredit project, is failed since logical problems relating to the representativeness of the perturbed outliers, see more details in section 5.1. We then limit our comparisons in sub-class of estimators, according to different datasets and different population models. More detailed numerical results, the total estimates and their Jackknife standard errors for all of the studied estimators, and for all cases of datasets and population models are given in the appendix at the end of this paper. The following schema describes the results to be present in this section.
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5.1. Some problems for the evaluation of the outlier robust estimation methods by using a perturbed dataset

In this section we address the problem of comparability of the robust estimation methods based on the true data and the perturbed data. Suppose that we have a sample survey dataset, containing ‘true outliers’ or not. We then perturbed the dataset by changing some of the observations into outlier observations or into non-outlier observations according to a certain method. If we use the outlier robust method on the perturbed dataset, we can treat the ‘perturbed outliers’ (which are outlying or non-outlying observations in the true data, but are perturbed to be outlying observations in the perturbed data) representative and non-representative, but the results are very different. Obviously, the perturbed outlier observations are not representative. If we treat them as representative, then the true data and the perturbed data come from different populations, we thus do not expect to have the outlier robust estimates based on the perturbed data close to that based on the true data. If we treat the perturbed outliers as non-representative or as errors, put them a weight equal to one or zero, we then have two different sample data, plus the effect of the perturbed non-outliers, we do not expect neither to have the outlier robust estimates based on the modified perturbed data close to that based on the true data. However, we considered the two cases, treat the perturbed outliers as representative and as errors, and put a weight zero to the perturbed outliers in the later case. The following tables are the results of the model-based estimators for stratified estimation and across stratum estimation in original scale. We can see how different the results are. Even though the estimates based on the modified perturbed data are close to the estimates based on the true data except for Taxtot and Assdisp, this does not mean that the robust methods can recover the population total estimate after perturbation. The results however reveal the importance of the robust editing for detecting non-representative outliers and record errors. More numerical results will be presented in the following sections.

Table 5.1.1. Model-based stratified estimation of totals under linear model based on 

true data, perturbed data and modified perturbed data.

Estimator Clprdreg

Variable Name
True data
Perturbed data
Modified Perturbed data

Turnover
253,378,474
21,932,148,144
243,907,296

Taxtot
4,281,021
349,196,571
8,121,654

Purtot
178,817,769
18,729,389,042
179,639,755

Emptotc
27,232,083
2,151,425,321
27,776,509

Employ
3,149,988
37,206,536
3,167,771

Estimator Estghsrc

Variable Name
True data
Perturbed data
Modified Perturbed data

Turnover
252,087,536
29,497,419,882
240,623,898

Taxtot
4,113,753
315,123,736
8,061,614

Purtot
176,193,400
25,566,769,843
181,000,686

Emptotc
27,336,210
2,748,968,610
27,572,290

Employ
3,120,746
3,749,153
3,043,649

Estimator Estgkbrc

Variable Name
True data
Perturbed data
Modified Perturbed data

Turnover
245,938,546
14,917,010,089
236,238,022

Taxtot
4,090,530
168,796,728
6,096,365

Purtot
174,933,074
12,945,907,521
166,869,383

Emptotc
26,482,663
1,402,116,557
26,178,417

Employ
3,135,457
4,694,355
3,121,975

Estimator Estregrc

Variable Name
True data
Perturbed data
Modified Perturbed data

Turnover
245,971,601
14,924,069,548
235,504,756

Taxtot
4,092,164
169,222,742
6,188,645

Purtot
175,329,218
12,937,761,316
169,334,016

Emptotc
26,330,797
1,402,159,447
26,315,059

Employ
3,123,554
4,680,956
3,143,733

Table 5.1.2. Model-based across stratum estimation of totals under linear model based on 

true data, perturbed data and modified perturbed data. 

Estimator Estghsrc

Variable Name
True data
Perturbed data
Modified Perturbed data

Turnover
253,270,721
29,581,556,837
240,293,805

Taxtot
4,257,427
303,704,729
6,672,549

Purtot
180,852,386
25,637,820,027
167,741,733

Emptotc
26,893,888
2,766,530,660
27,682,417

Employ
3,328,452
4,895,822
3,354,486

Assdisp
1,956,689
656,300,494
6,517,290

Assacq
10,127,129
1,294,870,774
15,115,080

Estimator Estgkbrc

Variable Name
True data
Perturbed data
Modified Perturbed data

Turnover
247,464,410
11,820,926,071
233,536,437

Taxtot
4,091,774
219,325,387
6,820,674

Purtot
174,049,744
10,168,010,401
160,509,481

Emptotc
26,398,197
1,177,806,419
27,787,143

Employ
3,140,636
29,156,233
3,169,518

Assdisp
1,751,739
573,947,440
9,644,534

Assacq
9,285,430
670,704,281
16,900,583

Estimator Estregrc

Variable Name
True data
Perturbed data
Modified Perturbed data

Turnover
249,342,645
14,924,945,192
236,306,703

Taxtot
4,237,844
165,329,123
6,360,861

Purtot
177,459,259
12,910,337,621
164,289,788

Emptotc
26,722,695
1,400,068,992
27,257,730

Employ
3,305,584
4,865,845
3,328,186

Assdisp
1,766,138
351,210,237
5,679,978

Assacq
9,798,746
662,945,305
14,724,762

5.2. Numerical results for the model-based methods

In this section we present the numerical results obtained for the model-based methods. For each estimator and each study variable, the estimated population total and its Jackknife standard error is calculated. The coefficient of variation is calculated by dividing the standard error by the total estimate. It is important to note that the coefficient of variation is not very meaningful regarding the estimation in presence of outliers in the dataset. For example, if the standard error is the same, an overestimation of the population total will reduce the coefficient of variation. By this reason, we calculated also the relative change in total estimation of the estimator with respect to the reference estimator in each class. For example, for the model-based estimators, the relative change in total estimation is defined as:
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Note that for most of the economic populations, the presence of outliers makes the population right skewed. So we expect normally to have negative relative change in total estimation for the robust estimators. As we know, a common problem for the robust estimate is the underestimation of the population total, so it is not true that the smaller the relative bias, the better the estimate. There is no theory to say how big should be the relative change in total estimation for a good estimate. We present the results just for reference.

5.2.1. Stratified and across stratum estimates under linear model, true data

Table 5.2.1 and Table 5.2.2 give the coefficient of variation and the relative change in total estimation of the model-based stratified and across stratum estimates in original scale for the true data. Stratified estimation is not calculated for the two variables Assdisp and Assacq since few observations for most of the stratum. From table 5.2.1 we can see the generalized Kokic and Bell estimator Estgkbrc and the robust regression estimator Estregrc are very similar in terms of coefficient of variation and relative bias. They are clearly better than the classical regression estimator Clprdreg and the generalized HS estimator Estghsrc, having smaller CV and the relative change in total estimation are negative and small, except for the variable Taxtot which is the most less correlated variable to the covariate Turnreg. While the generalized HS estimator Estghsrc has no significant difference with the classical regression estimator Clprdreg except for the variable Purtot. It even has a positive relative change in total estimation for the variable Emptotc.

Table 5.2.1. Coefficient of variation and relative change in total estimation of the 

                 model-based stratified estimates under linear model, true data.

(a). Coefficient of variation (%)

Variable Name
Clprdreg
Estghsrc
Estgkbrc
Estregrc

Turnover
4.76
4.27
2.71
2.73

Taxtot
7.70
9.06
8.83
8.56

Purtot
5.10
3.59
3.26
3.24

Emptotc
7.44
7.04
3.26
3.24

Employ
5.19
5.58
5.66
5.32

(b). Relative change in total estimation (%)

Variable Name
Estghsrc
Estgkbrc
Estregrc

Turnover
-0.5
-2.9
-2.9

Taxtot
-3.9
-4.4
-4.4

Purtot
-1.5
-2.2
-2.0

Emptotc
0.4
-2.8
-3.3

Employ
-0.9
-0.5
-0.8

Table 5.2.2. Coefficient of variation and relative change in total estimation of the 

                model-based across stratum estimates under linear model, true data.

(a). Coefficient of variation (%)

Variable Name
Clprdreg
Estghsrc
Estgkbrc
Estregrc

Turnover
4.47
3.76
2.75
2.92

Taxtot
10.37
8.14
7.62
7.90

Purtot
4.90
4.36
3.22
3.32

Emptotc
5.29
4.73
6.01
4.62

Employ
6.19
5.66
5.15
5.09

Assdisp
28.27
25.27
24.42
26.85

Assacq
10.10
9.50
8.66
8.65

(b). Relative change in total estimation(%)

Variable Name
Estghsrc
Estgkbrc
Estregrc

Turnover
-6.0
-8.2
-7.5

Taxtot
-8.5
-12.1
-8.9

Purtot
-6.1
-9.6
-7.8

Emptotc
-2.3
-4.1
-2.9

Employ
1.7
-4.0
1.0

Assdisp
10.7
-0.9
-0.1

Assacq
2.1
-6.4
-1.2

5.2.2. Stratified and across stratum estimates under linear model, perturbed data

Table 5.2.3 and table 5.2.4 give the coefficient of variation and the relative change in total estimation of the model-based stratified and across stratum estimates of total in original scale for the perturbed data. The robust estimators treat the perturbed outliers as representative outliers. We then got huge coefficient of variation for all of the estimators and all variables, except for the estimators Estgkbrc and Estregrc for the variable Employ. We also got big negative relative change in total estimation for the estimators Estgkbrc and Estregrc for all the variables. While for the estimator Estghsrc, we got positive relative change in total estimation for all of the variables except Taxtot and Employ, for both stratified and across stratum estimation.
Table 5.2.3 Coefficient of variation and relative change in total estimation of the 

           model-based stratified estimators under linear model, perturbed data

(a). Coefficient of variation (%)

Variable Name
Clprdreg
Estghsrc
Estgkbrc
Estregrc

Turnover
80
87
85
85

Taxtot
44
61
56
56

Purtot
64
71
70
70

Emptotc
70
79
77
77

Employ
55
80
20
20

(b). Relative change in total estimation(%)

Variable Name
Estghsrc
Estgkbrc
Estregrc

Turnover
34.5
-32.0
-32.0

Taxtot
-9.8
-51.7
-51.5

Purtot
36.5
-30.9
-30.9

Emptotc
27.8
-34.8
-34.8

Employ
-89.9
-87.4
-87.4

Table 5.2.4 Coefficient of variation and relative change in total estimation of the 

model-based across stratum estimates under linear model, perturbed data

(a). Coefficient of variation (%)

Variable Name
Clprdreg
Estghsrc
Estgkbrc
Estregrc

Turnover
80.56
86.07
80.08
85.30

Taxtot
43.49
60.74
40.44
58.11

Purtot
67.28
71.55
67.79
71.05

Emptotc
74.06
78.94
70.30
78.05

Employ
57.49
19.33
54.13
19.25

Assdisp
82.18
94.50
52.32
90.69

Assacq
76.23
81.36
66.00
79.54

(b). Relative change in total estimation (%)

Variable Name
Estghsrc
Estgkbrc
Estregrc

Turnover
9.09
-56.41
-44.96

Taxtot
-33.58
-52.03
-63.84

Purtot
13.00
-55.18
-43.10

Emptotc
9.95
-53.19
-44.36

Employ
-93.07
-58.75
-93.12

Assdisp
12.18
-1.90
-39.97

Assacq
16.49
-39.66
-40.36

5.2.3. Stratified and across stratum estimates under linear model, modified perturbed data
Table 5.2.5 and table 5.2.6 give the coefficient of variation and the relative change in total estimation of the model-based stratified and across stratum estimates under linear model for the modified perturbed data. Here the relative change is calculated as the change of the estimates in total estimation based on the modified perturbed data with respect to their values based on the true data:
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where T.D for true data, M.P.D. for modified perturbed data. We got big positive relative change for Taxtot in stratified estimation, and big positive relative change for Taxtot, Assdisp and Assacq in across stratum estimation. 

Table 5.2.5. Coefficient of variation and relative change of the model-based stratified 

          estimates under linear model. with the modified perturbed data

 (a). Coefficient of variation (%)

Variable

Name
Clprdreg
Estghsrc
Estgkbrc
Estregrc

Turnover
11.62
11.18
9.46
9.52

Taxtot
18.94
19.53
15.68
14.80

Purtot
12.16
12.11
10.66
11.14

Emptotc
10.54
10.44
10.16
10.06

Employ
5.17
5.70
5.71
5.31

(b). Relative change in total estimation (%)

Variable

Name
Clprdreg
Estghsrc
Estgkbrc
Estregrc

Turnover
-9.07
-8.06
-4.93
-5.00

Taxtot
90.06
96.70
55.27
56.56

Purtot
-6.01
-4.48
-4.55
-4.90

Emptotc
-4.19
-3.81
-1.51
-1.12

Employ
-0.39
-1.23
-0.13
-0.02

Table 5.2.6. Coefficient of variation and relative change of the model-based across 

       stratum estimates under linear model, with the modified perturbed data

(a). Coefficient of variation (%)

Variable

Name
Clprdreg
Estghsrc
Estgkbrc
Estregrc

Turnover
6.18
5.39
4.65
4.86

Taxtot
10.43
9.64
10.57
8.72

Purtot
7.03
6.06
5.23
5.31

Emptotc
5.06
4.73
7.48
4.81

Employ
6.18
5.67
5.26
5.18

Assdisp
32.99
32.99
20.01
28.39

Assacq
9.24
8.28
10.61
8.47

(b). Relative change in total estimation (%)

Variable

Name
Clprdreg
Estghsrc
Estgkbrc
Estregrc

Turnover
-10.83
-5.12
-5.63
-5.23

Taxtot
36.73
56.73
66.69
50.10

Purtot
-12.15
-7.25
-7.78
-7.42

Emptotc
-5.54
2.93
5.26
2.00

Employ
0.27
0.78
0.92
0.68

Assdisp
268.82
233.08
450.57
221.60

Assacq
15.86
49.25
82.01
50.27

5.2.4. Stratified and across stratum estimates under log linear model, true data
For the model-based estimators based on a log linear model, the results are approximations since the individual values of Turnreg for the non-sampled part are unknown. Another problem is for the estimator Estghsrc, the bias correction term makes explosion of the estimator after back transformation, especially for the perturbed data.

Table 5.2.7. Coefficient of variation and relative change in total estimation of 

the model-based stratified estimates under log linear model, true data

(a). Coefficient of variation (%)

Variable Name
Clprdreg
Estgkbrc
Estregrc

Turnover
13.21
13.68
12.78

Taxtot
11.09
10.29
37.67

Purtot
13.34
13.77
13.57

Emptotc
13.80
14.17
14.92

Employ
11.92
11.85
33.98

(b). Relative change in total estimation (%)

Variable Name
Estgkbrc
Estregrc

Turnover
-4.12
-3.67

Taxtot
-9.14
-45.79

Purtot
-3.78
-1.98

Emptotc
-3.08
-6.12

Employ
-6.66
-46.92

Table 5.2.8. Coefficient of variation and relative change in total estimation of 

the model-based across stratum estimates under log linear model, true data

(a). Coefficient of variation (%)

Variable Name
Clprdreg
Estghsrc
Estgkbrc
Estregrc

Turnover
18.67
18.78
14.48
18.79

Taxtot
14.97
15.08
11.07
15.66

Purtot
18.90
19.00
14.64
19.03

Emptotc
16.27
16.35
14.76
16.67

Employ
17.00
17.06
12.97
18.30

Assdisp
36.31
-
31.29
48.55

Assacq





Relative change in total estimation 

Variable Name
Estghsrc
Estgkbrc
Estregrc

Turnover
0.87
-93.32
0.80

Taxtot
-0.54
-91.68
-4.86

Purtot
0.86
-93.41
0.73

Emptotc
-0.05
-92.33
-2.01

Employ
-0.04
-91.54
-6.59

Assdisp
-
-84.98
-24.75

Assacq




5.2.5. Stratified and across stratum estimates under log linear model, perturbed data

Table 5.2.8. Model-based stratified estimation of totals, full estimate under

log linear model, perturbed data

(a). Coefficient of variation (%)

Variable Name
Clprdreg
Estgkbrc
Estregrc

Turnover
79.44
17.19
84.46

Taxtot
39.57
31.98
56.99

Purtot
66.43
25.37
70.35

Emptotc
70.06
21.63
97.46

Employ
885.89
12.07
62.63

(b). Relative change in total estimation 

Variable Name
Estgkbrc
Estregrc

Turnover
-98.7
-38.1

Taxtot
-96.5
-61.6

Purtot
-98.4
-37.7

Emptotc
-98.0
-40.6

Employ
-6.6
-51.4

5.3. Numerical results for the design-based methods

Table 5.3.1. Coefficient of variation and relative change in total estimation of the 

   design-based stratified estimates, true data without using the covariate Turnreg

(a). Coefficient of variation (%)
Variable

Name
EstimHT
EstimHS
 Estdbrob
EstimRC
Estweit
Estwins

Turnover
13.42
14.84
13.31
13.22
11.26
14.09

Taxtot
11.21
9.17
10.25
13.20
9.05
10.26

Purtot
13.54
11.13
13.43
11.67
23.19
14.19

Emptotc
14.09
9.66
13.07
12.02
25.00
12.28

Employ
12.16
11.89
13.88
13.15
12.19
12.03

(b). Relative change in total estimation (%)

Variable

Name
EstimHS
Estdbrob
EstimRC
Estweit
Estwins

Turnover
-4.3
-5.5
-4.7
-25.5
-4.3

Taxtot
-5.2
-6.9
-6.5
-20.5
-5.7

Purtot
-3.1
-4.2
-3.4
-17.1
-2.9

Emptotc
-7.1
-9.8
-9.0
-21.6
-8.8

Employ
-4.6
-4.2
-2.9
-17.1
-4.9

Table 5.3.2. Coefficient of variation and relative change in total estimation of the 

design-based stratified estimates, perturbed data without using the covariate Turnreg

(a). Coefficient of variation

Variable

Name
EstimHT
EstimHS
Estdbrob
EstimRC
Estweit
Estwins

Turnover
80.07
40.33
76.61
77.47
40.07
79.33

Taxtot
39.88
30.29
58.98
60.07
19.77
42.98

Purtot
66.75
29.87
50.19
50.15
100.96
68.73

Emptotc
70.28
28.12
76.11
76.97
29.15
69.91

Employ
56.75
153.16
19.04
21.42
13.44
47.40

(b). Relative change in total estimation (%)

Variable

Name
EstimHS
Estdbrob
EstimRC
Estweit
Estwins

Turnover
-75.9
-68.8
-68.6
-90.5
-15.1

Taxtot
-51.1
-74.8
-74.7
-86.2
-31.7

Purtot
-81.0
-65.0
-64.8
-72.4
-11.5

Emptotc
-69.2
-63.2
-63.0
-86.8
-15.3

Employ
-61.5
-91.3
-92.5
-94.6
-56.3

Table 5.3.3. Coefficient of variation and relative change in total estimation of the design-based 

stratified estimates, modified perturbed data without using the covariate Turnreg

(a). Coefficient of variation (%)

Variable

Name
EstimHT
EstimHS
EstimRl
EstimRc
Estweit
Estwins

Turnover
12.95
12.89
12.49
12.50
13.04
12.90

Taxtot
12.01
11.07
9.77
9.75
10.17
10.89

Purtot
13.84
13.93
8.77
8.49
17.63
13.94

Emptotc
14.27
12.31
19.25
19.49
9.72
11.34

Employ
12.31
12.07
10.92
10.95
12.37
12.19

(b).Relative change in total estimation (%)

Variable

Name
EstimHT
EstimHS
Estdbrob
EstimRc
Estweit
Estwins

Turnover
-10.09
-8.99
-10.09
-9.95
-2.83
-10.30

Taxtot
-9.65
-9.60
-13.96
-13.76
-12.43
-11.03

Purtot
-14.80
-14.88
-32.47
-32.67
-17.68
-15.66

Emptotc
-8.14
-7.26
-11.28
-11.15
-10.50
-9.32

Employ
-0.84
0.22
-1.42
-1.54
-1.01
-0.92

Table 5.3.4. Coefficient of variation and relative change in total estimation of the design-based 

stratified estimates, true data with using the covariate Turnreg

(a). Coefficient of variation (%)

Variable

Name
Estclreg
Estregrl

Turnover
4.76
3.60

Taxtot
13.63
7.89

Purtot
5.09
4.01

Emptotc
7.27
6.01

Employ
5.24
4.70

(b). Relative change in total estimation (%)

Variable

Name
Estclreg
Estregrl

Turnover

-0.97

Taxtot

-14.28

Purtot

 2.89

Emptotc

-1.92

Employ

 1.28

Table 5.3.4. Coefficient of variation and relative change in total estimation of the design-based 

          stratified estimates, perturbed data with using the covariate Turnreg

(a). Coefficient of variation (%)

Variable

Name
Estclreg
Estregrl

Turnover
80.18
48.75

Taxtot
44.17
48.81

Purtot
64.03
38.13

Emptotc
69.80
46.75

Employ
61.00
16.28

(b). Relative change in total estimation (%)

Variable

Name
Estclreg
Estregrl

Turnover

-87.89

Taxtot

-87.39

Purtot

-87.93

Emptotc

-87.11

Employ

-93.01

Table 5.3.5. Coefficient of variation and relative change in total estimation of the design-based 

          stratified estimates, modified perturbed data with using the covariate Turnreg

(b). Relative change in total estimation (%)

Variable

Name
Estclreg
 Estrobreg

Turnover
-1.41
2.83

Taxtot
-5.38
-2.88

Purtot
-0.49
-0.06

Emptotc
1.64
2.38

Employ
1.06
3.82

6. Numerical evaluations for outlier robust imputation by reverse calibration

In this section, we use the ABI data which are parts of the ABI survey in 1997 and 1998, prepared by ONS for evaluation and development use for Euredit project. The surveys were conducted according to different activity sectors. The prepared data include two of these sectors, sector one and sector two. We will use the data of sector one in this study. In this sector, there are 31 analysis variables among which we are interested in five total variables that are sums of certain component variables, and an auxiliary variable. The 1997 data are prepared for training use, with 6099 case records. There are three versions of the data: file sec197(true), called true data hereafter, are the true observed data of the survey that are subject to outliers; sec197(y2) is a dataset obtained form the true data by deleting some of the observations to create missing values; and sec197(y3), called perturbed data hereafter, is a dataset obtained from the true data by introducing some errors and by deleting some observations to create missing values. We are interested in the perturbed data and from which we obtained a so called modified perturbed data by replacing the perturbed errors by their true values obtained from the true data to create a dataset with missing values and outliers only. This dataset is used for comparison. The five total variables we chose as our analysis variables (or y-variables) are the total turnover turnover, the total tax paid taxtot, the total purchase purtot, the total employment cost emptotc and the total number of employment employ. We chose the registered turnover turnreg as co-variable with which we know the overall total and the totals by stratum. See more detailed information about the dataset in Ren and Chambers (2001c). 

6.1. Preliminary analysis of the perturbed data sec197(y3)
For the perturbed dataset sec197(y3), there are two kinds of perturbed errors, the missing errors and the record errors. The missing errors are created by putting missing of some of the true observed values of the analysis variables, while the record errors are created by changing some of the true observed values of the analysis variables according to a certain rule (done by ONS) to mimic the practical cases. The perturbations of the data are important in the sense that the population total estimates have been changed greatly on the simple expansion estimate after perturbation, if we do not treat the perturbed errors properly. Table 6.1 gives the simple expansion estimates of the population total based on the true data and the perturbed data, respectively, without any treatment for the perturbed errors in the later case. Outliers are detected by a forward search procedure (Adao (2001a), (2001b)). Not all the outliers are detected after perturbations being introduced, nor all the perturbed errors are detected, due to masking problems. Table 6.2 gives the total number of missing values, perturbed errors, outliers (detected in the true data), and number of detected outliers, detected errors, therefore the number of undetected outliers and undetected errors. Since the data do not follow well a regression model for taxtot and emptotc even in log scale of the data, the forward search failed to detect most of the perturbed errors. In these cases, the outliers and the perturbed errors are detected by the soft editing rules (Editing rules for the ABI data, Euredit). 

Table 6.1. Simple expansion estimate of population total based 

on true data and perturbed data


Turnover
Taxtot
Purtot
Emptotc
Employ

True datae
269088777
4631853
189689033
29419325
3436438

Perturbed data
24116695453
436375032
20739928268
2357859187
56081693

Table 6.2. Number of missing values, perturbed errors, outliers

And number of undetected outliers and errors

Variable
Number of missing values
Number of outliers 
Number of perturbed errors
Number of detected outliers
Number of detected errors
Number of undetected outliers
Number of undetected errors

Turnover
42
106
241
71
224
35
17

Taxtot
45
23
482
23
247
0
235

Purtot
28
111
629
64
275
47
354

Emptotc
41
39
332
26
237
13
95

Employ
35
33
49
19
13
14
36

6.2. Imputation

In this section we use the methods developed in section 2 for imputation of the outlier values, the perturbed errors and the missing values. The imputation results are compared with standard methods: the regression imputation and the nearest neighbour imputation. Since the data do not follow well a linear model, regression imputation based on a log-linear model is also studied. For the reverse calibration imputation, the perturbed errors are treated as missing. In this paper, we do not consider the imputation of a special kind of outliers: the observed zeros for the analysis variable or the auxiliary variable. The robust population total estimation used in this study is Chambers’ (1982) robust regression estimator modified slightly to deal with the observed zeros:
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where 
[image: image1158.wmf]s

~

 is the sub-sample consisting of the units with unit weight or with observed zeros for the analysis variable or the auxiliary variable; 
[image: image1159.wmf]c

s

 is the sub-sample consisting of the complete cases. 
[image: image1160.wmf]c

s

b

ˆ

 and 
[image: image1161.wmf]c

s

s

ˆ

 are the robust estimates of slope and scale based on the inliers. 
[image: image1162.wmf]x

t

~

 is the modified population total of the auxiliary variable: 
[image: image1163.wmf]å

Î

-

=

s

i

i

i

x

x

X

d

t

t

~

~

. The 
[image: image1164.wmf]i

u

s are calculated as:


[image: image1165.wmf](

)

(

)

(

)

c

c

c

c

s

i

s

i

i

x

s

i

s

i

i

i

i

X

X

t

X

X

X

u

s

n

s

n

ˆ

)

(

/

~

ˆ

)

(

/

1

2

2

å

å

Î

-

Î

-

=


where 
[image: image1166.wmf])

(

x

n

 is a known positive function, we take 
[image: image1167.wmf]2

/

1

)

(

x

x

=

n

 throughout this study. 
[image: image1168.wmf]c

Y

 is a two-side tuning function:


[image: image1169.wmf]ï

î

ï

í

ì

>

£

£

-

-

<

-

=

Y

c

t

if

c

c

t

c

if

t

c

t

if

c

t

c

,

,

,

)

(


where 
[image: image1170.wmf]c

 is a tuning constant, we use 
[image: image1171.wmf]4

=

c

 throughout this study which does mean the optimum value but for simplify the calculation. The estimation of the subtotal of inliers and respondents is the simple regression estimation:
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where 
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 and 
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 are the sub-samples of inliers and respondents, and outliers and non-respondents, respectively. The sub-population total of outliers and non-respondents is calculated as:


[image: image1175.wmf]y

y

y

t

t

t

1

2

ˆ

ˆ

ˆ

-

=

.

In case of separate treatment of small outliers, big outliers and missing values, the sub-totals are calculated according to (5.18) and (5.28), the imputed values are calculated according to (5.31). 

6.3. Evaluation criteria

In this section, we present four evaluation criteria to evaluate the imputation results. Since the numerical study in this paper is related to a simulation study where we know the true values, it is natural to compare the imputed values with the true values. Among the four evaluation criteria, the first three are the recommended Euredit evaluation criteria (Chambers, (2001)). The fourth one is a mean score of valid imputation which counts the number of imputed values passing through the editing rules.

The first one is one is the mean absolute difference between the true values and the imputed values defined by:
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where 
[image: image1177.wmf]2

s

 is the sub-sample where imputed values occurred. 

The second one is the mean absolute relative difference between the true values and the imputed values for intrinsically positive variables:
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where 
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The third one is the weighted Pearson moment correlation coefficient between the true values and the imputed values:
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where 
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The forth one is a mean score of valid imputation combined with the editing rules:


[image: image1184.wmf]å

å

Î

Î

=

2

2

/

s

i

i

s

i

i

i

d

d

MSCI

d

                                  (6.6)
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6.4. Numerical results and conclusions

In this section we present the numerical results of our simulation study. For population total estimation, estimates are calculated based on the modified perturbed data and the perturbed data before and after imputation, for reverse calibration imputation, linear regression imputation, log linear regression imputation and nearest neighbour imputation. Estimates based on the true data are also calculated for comparison. Evaluation statistics are calculated for the modified perturbed data and the perturbed data for different imputation methods. For the reverse calibration imputation, we tested different strategies: impute small and big outliers together by a single formula, and impute small and big outliers separately. The difference on the population total estimation is not significant between the different strategies. But there is a difference on the quality of the individual imputed values. For saving space, only the numerical results where small and big outliers are imputed separately, outliers, missing values and errors are imputed separately, are reported. Also for saving space, scatter plots of imputed values against true values for reverse calibration imputation, linear regression imputation and nearest neighbour imputation, scatter plots of the analysis variable against the covariate turnreg of the whole dataset, before and after imputation, for reverse calibration imputation and linear regression imputation, are presented only for the variable turnover. The other results have very similar plots to the linear regression imputation. 

Table 6.3 gives the simple expansion estimation and the regression estimation of the population totals before imputation (in brackets) and after imputation. For regression estimation, the before imputation estimation is robust regression estimation, while the after imputation estimation is simple regression estimation. In general, we can say that the reverse calibration imputation produces population total estimations close to the estimation based on the true data, the other compared imputation methods produce relatively low-level estimations since they produce low-level imputed values for big outliers. The superiority of the reverse calibration estimation to other methods is especially clear for modified perturbed data with regression estimation where there is no influence of the undetected outliers and perturbed errors. However, there are differences in the results for different variables since the working models of the analysis variables against the covariate turnreg have different qualities: linear relationships are well followed by turnover and purtot with respect to turnreg; while for taxtot, emptotc and employ, no good linear relationships with respect to turnreg even in log scale of the data. One thing is clear that, in this study, the reverse calibration imputation is more depending on the working model by depending on the model based robust estimation of population total. For the perturbed data, the undetected outliers and perturbed errors have cumulative effects on the population total estimation after imputation, for reverse calibration imputation, since they contribute to the imputed values and to the population total estimation directly. Therefore there is an over estimation of the population total compared to the results obtained from the true data, especially for the simple expansion estimation.

Table 6.5 gives the evaluation statistics. In this table, the reverse calibration imputation does not show much evidence of superiority to the other methods except for the correlation coefficients between the true values and the imputed values, and for the variables turnover and purtot where good linear relationships with respect to turnreg apply. In most of the cases, the differences are not significant. But the reverse calibration imputation are under evaluated in most of the cases since these evaluation criteria are all weighted by the sampling weight, while the outlier values have in general small weights compared to missing values and perturbed errors, see table 6.4 for the mean weights. 

The superiority of the reverse calibration imputation to other imputation methods, especially for the outlier values, can be clearly seen from the scatter plots Figures 6.1-6.2, where the imputed values have good linear relationships with the true outlying values. While for the missing values and errors, there is no difference for all of the methods. From figure 6.2, it can be seen that the linear relationship in log scale of the data between the analysis variable and the covariate is greatly improved after imputation. 

Our conclusion is that reverse calibration imputation can work very well if a reliable population total estimation is available, in this study, if the working model between the analysis variable and the covariate is in good quality. In other words, the reverse calibration imputation is more depending on the working model than the other methods in this study. This may be improved by using a robust population total estimation less depending on the quality of the working model if the later one is not in good quality, for example, by using a design based robust estimation. Further studies to reverse calibration imputation will continue.

Table 6.3. Estimation of population total before and after imputation

for simple expansion estimation and regression estimation



Turnover
Taxtot
Purtot
Emptotc
Employ

Simple expansion estimation before and after imputation

True data

 269088777
 4631853
 189689083
 29419325
 3436438

Modified perturbed data
Rev. Calib.

Regression

Log. Regres.

Near. Neigh.
(270468949)

 264665106

 264361038

 264238065

 264293190
(4654708)

 4349873

 4329947

 4325288

 4332860
(190425133)

 187007851

 186970993

 186877863

 186903365
(29576816)

 29536876

 29308487

 29313319

 29322524
(3448937)

 3484827

 3427634

 3423701

 3430919

Perturbed data
Rev. Calib.

Regression

Log. Regres.

Near. Neigh.
(264654385)

 277552404

 276756021

 268703186

 269951238
(5219167)

 5107820

 5168510

 4753605

 5014768
(184932869)

 195346631

 194553015

 188557980

 190487787
(28650608)

 30146782

 30070948

 30470403

 29244555
(3481942)

 3496943

 3469627

 3457430

 3477061

Robust regression estimation before imputation and

simple regression estimation after imputation

True data

 249342645
 4237844
 177459259
 26722695
 3249885

Modified perturbed data
Rev. Calib.

Regression

Log. Regres.

Near. Neigh.
(249011055)

 249402861

 249099514

 248987147

 249104027
(4226175)

 4133132

 4121348

 4116789

 4122819
(177325785)

 176197519

 176158917

 176074703

 176135535
(26689600)

 26981405

 26841312

 26847927

 26851188
(3301272)

 3250436

 3219418

 3212505

 3218778

Perturbed data
Rev. Calib.

Regression

Log. Regres.

Near. Neigh.
(243517947)

 251443928

 250679084

 243126959

 244361623
(4431328)

 4906132

 4898020

 4454657

 4732080
(170611125)

 176725974

 175963690

 170342260

 172222425
(25222498)

 27671226

 27570233

 28001424

 26693962
(3322779)

 3268757

 3256677

 3245060

 3259929

* The numbers in the brackets are estimations before imputation. The undetected outliers and errors have a cumulative effect on the estimation of total for the perturbed data after imputation.

Table 6.4. Mean values of the sampling weights for 

outlier values, missing values and errors


Modified perturbed data
Perturbed data


Outlier
Missing & Error
Outlier
Missing & Error

Turnover
36
38
38
35

Taxtot
15
37
26
36

Purtot
41
42
41
35

Emptotc
29
37
26
34

Employ
25
34
21
31

Table 6.5. Evaluation statistics for the modified perturbed data and the perturbed data

a. Modified perturbed data

Measure

Turnover
Taxtot
Purtot
Emptotc
Employ


True Values
1166
159
659
75
11

Mean of the 
Rev. Calib.
331
17
189
120
35

Imputed 
Regression
273
7
183
31
7

values
Log. Regres.
250
5
167
33
5


Near. Neigh.
261
9
171
37
9

Mean 
Rev. Calib.
1182
168
723
162
38

absolute
Regression
1144
160
717
79
13

difference
Log. Regres.
1136
158
703
80
12


Near. Neigh.
1137
162
714
86
15

Relative
Rev. Calib.
4.58
13.43
6.01
63
16.16

mean 
Regression
5.70
3.49
10.94
8.60
2.25

absolute
Log. Regres.
5.66
1.96
11.05
8.92
1.66

difference
Near. Neigh.
5.43
6.03
11.15
9.20
2.78

Correlation
Rev. Calib.
0.30
0.05
0.08
0.21
0.21

with the true 
Regression
0.15
0.01
0.04
0.16
0.09

values
Log. Regres.
0.15
0.04
0.04
0.15
0.09


Near. Neigh.
0.14
0.02
0.04
0.14
0.08

Score of 
Rev. Calib.
0.77
1.00
0.97
1.00
1.00

valid 
Regression
1.00
1.00
1.00
1.00
1.00

imputation
Log. Regres.
1.00
1.00
1.00
1.00
1.00


Near. Neigh.
0.92
1.00
0.94
1.00
1.00

b. Perturbed data

Measure

Turnover
Taxtot
Purtot
Emptotc
Employ


True Values
2493
56
1833
238
17

Mean of the 
Rev. Calib.
2201
46
1714
282
27

Imputed 
Regression
2135
45
1654
276
13

values
Log. Regres.
1462
7
1200
314
6


Near. Neigh.
1567
31
1346
196
17

Mean 
Rev. Calib.
593
55
415
90
28

absolute
Regression
538
56
374
98
15

difference
Log. Regres.
1138
53
723
133
17


Near. Neigh.
1391
51
944
131
16

Relative
Rev. Calib.
2.38
1.20
5.94
1.74
8.57

mean 
Regression
2.48
1.18
4.33
1.78
2.08

absolute
Log. Regres.
2.46
1.30
4.33
1.95
1.42

difference
Near. Neigh.
2.48
1.64
4.57
2.01
2.42

Correlation
Rev. Calib.
0.999
0.94
0.999
0.999
0.83

with the true 
Regression
0.999
0.94
0.999
0.999
0.91

values
Log. Regres.
0.999
0.95
0.999
0.999
0.80


Near. Neigh.
0.98
0.69
0.95
0.96
0.90

Score of 
Rev. Calib.
0.92
0.96
0.92
0.96
1.00

valid 
Regression
1.00
0.96
1.00
1.00
1.00

imputation
Log. Regres.
1.00
1.00
1.00
1.00
1.00


Near. Neigh.
0.96
1.00
0.96
1.00
1.00

Figure 6.1. Scatter plots of true values against imputed values

for Turnover, in log scale of the data

a. Modified perturbed data
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b. Perturbed data
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Small and big outliers imputed together
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Small and big outliers imputed separately
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Legends: • for true outliers; ▲ for perturbed errors; x for missing values.

Figure 6.2. Scatter plots of Turnover against Turnreg, before and 

after imputation in log scale of the data
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Modified perturbed data after imputation
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Modified perturbed data after imputation

Linear regression imputation
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Legends: • for true outliers; ▲ for perturbed errors; x for missing values.
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Part III. Algorithm software for robust methods

In this part, we present the algorithm software developed for evaluation of the robust methods. The programs are developed for development use, so it is far from complete or comprehensive. We simply attached the SAS codes 

1. Program for outlier detection for design-based estimators

This macro effects a backward search for detection of outliers for the design-based outlier robust estimators studied in section 3 of part I. 

/*************************************************************/
/* Programm name: outlidet       18 Dec 2000                 */
/* Function:      Macro for outlier detection                */
/* The criterion: a unit is considered to be an outlier      */
/*                if the abslute value of its regression     */
/*                residu is bigger than 'tuncon' times of the*/
/*                regression residuals, where 'tuncon' is a  */
/*                tuning constant taking values 5 to 10      */
/*                or the value of the variable of interesting*/
/*               minus the mean is bigger than 'tuncon' times*/
/*                of its std error                           */
/* Parameters:                                               */
/* indat,         input data set name                        */
/* invar,         name of the variable interesting            */
/* auxvar, name of the auxiliary variable, auxvar=0 if absent */
/* poids,     name of the weight variable if the dataset is a */
/*                survey dataset, poids=0 if absent           */
/* tuncon,        tuning cnstant, tkaing values from 5 to 10   */
/* outdat,        output dataset name where all of the  variables */
/*          in the indata set are preserevd and new one named */
/*          'outlier' is added, outlier=1 or -1 if a unit is */
/*          detected as an outlier, outlier=0 else          */
/* m,          type of outliers to be detected, m=1 for only */
/*          one kind of (big) outliers, the units having big */
/*     values of residuals or big values over the varaible of */
/*          of interesting; m=2 for both small and big        */
/*           outliers (when there is no auxiliary variable)   */
/**************************************************************/
options mstored sasmstore=sasmacro;

%macro outlidet(indat=, invar=, auxvar=, m=, poids=, tuncon=, outdat=)/store;

proc means n data=&indat noprint;

var &invar;

output out=out n=datasize;

run;

data _null_;

set out;

call symput('datasize', datasize);

run;

data indat0x;

do jjklx=1 to &datasize;

set &indat point=jjklx;

numobs=jjklx;

output;

end;

stop;

proc delete data=&outdat.1;

proc delete data=&outdat.2;

run;

/*******************************************************/
/* the detection of outliers is a recursive procedure, */
/* the outliers are isolated after detected, then begin */
/* further detection                                    */
/*******************************************************/
%do kklx=1 %to 1000; /* the maximum iteration is 50*/
%let numout1=0;

%let numout2=0;

%let numoutli=0; 

/***********************************************************/
/* case one: the dataset is a sample survey dataset, poids */
/*           is the sampling weight, auxvar is the aux. var */
/*           in this case, the variance of residual is the */
/*           weighted one                                   */  

/***********************************************************/
%if ((&poids ne 0) & (&poids ne )) & ((&auxvar ne 0) & (&auxvar ne ))

%then %do;

data Lin0001;

set indat0x;

xy=&auxvar*&invar;

proc means mean sum uss sumwgt data=lin0001 noprint;

var &invar &auxvar xy;

weight &poids;

output out=out0001 mean=meany meanx meanxy sum=sumy sumx sumxy 

                   uss=ussy ussx ussxy sumwgt=sumweit;

run;

data _null_;

set out0001;

regcoef=(sumxy-sumweit*meany*meanx)/(ussx-sumweit*meanx**2);

call symput ('regcoef', regcoef);

run;

data lin0002;

set indat0x;

residu=&invar-&regcoef*&auxvar;

proc means uss sumwgt data=lin0002 noprint;

var residu;

weight &poids;

output out=out0002 uss=ussrd sumwgt=sumweigh;

run;

data _null_;

set out0002;

stdresid=sqrt(ussrd/(sumweigh-1));

call symput('stdresid', stdresid);

run;

data &outdat(drop=residu);

set lin0002;

if (abs(residu)>&tuncon*&stdresid) then

outlier=1;

else

outlier=0;

run;

%end;

/***********************************************************/
/* case two: the dataset is not a sample survey dataset   */
/*            auxvar is the aux. var in this case, the    */
/*            variance is the variance of the regression  */
/*            residuals                                   */  

/***********************************************************/ 

%if ((&poids=0) or (&poids= )) & ((&auxvar ne 0) & (&auxvar ne ))

%then %do;

data Lin0001;

set indat0x;

xy=&auxvar*&invar;

proc means n mean sum uss data=lin0001 noprint;

var &invar &auxvar xy;

output out=out0001 n=size mean=meany meanx meanxy sum=sumy sumx sumxy uss=ussy ussx ussxy;

run;

data _null_;

set out0001;

regcoef=(sumxy-size*meany*meanx)/(ussx-size*meanx**2);

call symput ('regcoef', regcoef);

run;

data lin0002;

set indat0x;

residu=&invar-&regcoef*&auxvar;

proc means n uss data=lin0002 noprint;

var residu;

output out=out0002 n=size uss=ussrd;

run;

data _null_;

set out0002;

stdresid=sqrt(ussrd/(size-1));

call symput('stdresid', stdresid);

run;

data &outdat(drop=residu);

set lin0002;

if (abs(residu)>&tuncon*&stdresid) then

outlier=1;

else

outlier=0;

run;

%end;

/*************************************************************/
/* case three: the dataset is a sample survey dataset, poids */
/*           is the sampling weight, there is no aux. var   */
/*           in this case, the variance is the weighted one */
/*           of the variable of interesting                 */ 

/***********************************************************/ 

%if ((&poids ne 0) & (&poids ne )) & ((&auxvar=0) or (&auxvar= )) & (&m=2) 

%then %do;

proc means mean uss sumwgt data=indat0x noprint;

var &invar;

weight &poids;

output out=out0001 mean=meany uss=ussy sumwgt=sumweigh;

run;

data _null_;

set out0001;

stdy=sqrt((ussy-sumweigh*meany)/(sumweigh-1));

call symput('meany', meany);

call symput('stdy', stdy);

run;

data &outdat(drop=residu);

set indat0x;

residu=&invar-&meany;

outlier=0;

if (residu>&tuncon*&stdy) then

outlier=1;

if (residu<-&tuncon*&stdy) then

outlier=-1;

run;

%end;

%if ((&poids ne 0) & (&poids ne )) & ((&auxvar=0) or (&auxvar= )) & (&m=1)

%then %do;

proc means mean uss sumwgt data=indat0x noprint;

var &invar;

weight &poids;

output out=out0001 mean=meany uss=ussy sumwgt=sumweigh;

run;

data _null_;

set out0001;

stdy=sqrt((ussy-sumweigh*meany)/(sumweigh-1));

call symput('meany', meany);

call symput('stdy', stdy);

run;

data &outdat(drop=residu);

set indat0x;

residu=&invar-&meany;

if (residu>&tuncon*&stdy) then

outlier=1;

else

outlier=0;

run;

%end;

/***********************************************************/
/* case four: the dataset is not a sample survey dataset,    */
/*           and there is no aux. var, in this case, the     */
/*           variance is the varaince of the variable of     */
/*           interesting                                     */  

/***********************************************************/ 

%if ((&poids=0) or (&poids= )) & ((&auxvar=0) or (&auxvar= )) & (&m=2)

%then %do;

proc means mean std data=indat0x noprint;

var &invar;

output out=out0001 mean=meany std=stdy;

run;

data _null_;

set out0001;

call symput('meany', meany);

call symput('stdy', stdy);

run;

data &outdat(drop=residu);

set indat0x;

residu=&invar-&meany;

outlier=0;

if (residu>&tuncon*&stdy) then

outlier=1;

if (residu<-&tuncon*&stdy) then

outlier=-1;

run;

%end;

%if ((&poids=0) or (&poids= )) & ((&auxvar=0) or (&auxvar= )) & (&m=1)

%then %do;

proc means mean std data=indat0x noprint;

var &invar;

output out=out0001 mean=meany std=stdy;

run;

data _null_;

set out0001;

call symput('meany', meany);

call symput('stdy', stdy);

run;

data &outdat(drop=residu);

set indat0x;

residu=&invar-&meany;

if (residu>&tuncon*&stdy) then

outlier=1;

else

outlier=0;

run;

%end;

/*********************************************************/
/* Step three: data preparation for further detection   */
/*             and output dataset preparation            */
/********************************************************/
%if ((&auxvar=0) or (&auxvar= )) & (&m=2) %then
%do;

data &outdat.01;

set &outdat;

where (outlier=-1);

run;

data &outdat.0;

set &outdat;

where (outlier=0);

run;

data &outdat.02;

set &outdat;

where (outlier=1);

run;

proc means n data=&outdat.01 noprint; 

var &invar;

output out=out1 n=numout1;

run;

data _null_;

set out1;

call symput('numout1', numout1);

run;

proc means n data=&outdat.02 noprint; 

var &invar;

output out=out2 n=numout2;

run;

data _null_;

set out2;

call symput('numout2', numout2);

run;

%let numoutli=&numout1+&numout2;

%if (&numoutli ne 0) %then
%do;

data indat0x;

set &outdat.0;

run;

proc append base=&outdat.1
            data=&outdat.01;

proc append base=&outdat.2
            data=&outdat.02;

run;

%end;

%end;

%if (&m=1) %then
%do;

data &outdat.0;

set &outdat;

where (outlier=0);

data &outdat.01;

set &outdat;

where (outlier=1);

proc means n data=&outdat.01 noprint; 

var &invar;

output out=out n=numout1;

run;

data _null_;

set out;

call symput('numoutli', numout1);

run;

%if (&numoutli ne 0) %then
%do;

data indat0x;

set &outdat.0;

run;

proc append base=&outdat.1
            data=&outdat.01;

run;

%end;

%end;

%if (&numoutli=0) %then
%let kklx=1000;

%end;

%if ((&auxvar=0) or (&auxvar= )) & (&m=2) %then
%do;

data &outdat;

set &outdat.1 &outdat.0 &outdat.2;

proc sort data=&outdat;

by numobs;

run;

data &outdat(drop=numobs);

set &outdat;

run;

%end;

%if (&m=1) %then
%do;

data &outdat;

set &outdat.0 &outdat.1;

proc sort data=&outdat;

by numobs;

run;

data &outdat(drop=numobs);

set &outdat;

run;

%end;

%mend outlidet;

2. Program for generalized multiple regression

This macro was developed for generalized multiple regression which allows the use of a variance function.

/***********************************************************/
/* Program name: Mulreg         24 Sept 2001               */
/* Function: generalised multiple regression for multi-    */
/*           analysis variables and multi-auxiliary        */
/*           variables.                                    */
/* Parameters:                                             */
/* indat:    input dataset.                                */
/* invar:    list of analysis variables, seperated by      */
/*           blank if there are more than one.             */
/* auxvar:   list of auxiliary variables, seperated by     */
/*           blank if there are more than one.             */
/* weight:   weight variable if the dataset is a survey    */
/*           dataset. leave blank if there is no.          */
/* vfunct:   variance function for heterosedastic model,   */
/*           it accepts user edited functions .            */
/*           e.g. a1*x1**0.5+a2*x2+...+ap*xp**0.25.        */
/*           if no vfunct specified, leave blank.          */
/* output: four datasets are created:                      */
/*  betra: dataset with (1+number of auxiliary variables), */
/*        observations, and #invar variables. Firstobs are */
/*         the intercepts, the rest ones the coeficient of */
/*         regression. The name of varibles in the dataset */
/*         are the same as &invar.                         */
/* sigmar: dataset with one obs, #invar variables, return  */
/*         the mean squared residuals of the regression.   */
/* sigmap: dataset with one obs, #invar variables, return  */
/*         the mean squared deviations of the prediction.  */ 

/* rsquare: dataset with one obs, #invar variables, return */
/*        the squared value of the correlation coefficient */
/*         between the invar and thire predicitons.        */
/* Regwght: the regression weight for use of calculating   */
/*         the regression estimate, optional. If this opt  */
/*         is specified, then a data set is created by the */
/*         specified name and path, with a variable named  */
/*         'regwght', the weighted sum of the analysis var */ 

/*         with this weight variable produces an estimate  */
/*         of the finite population total.                 */ 

/* totalx: population total of the regressors, for use of  */
/*         calculation of the regression estimate. optional*/
/* popsize: the population size for finite population, for */
/*         alculation of the regression estimate. optional */ 

/***********************************************************/ 

options mstored sasmstore=sasmacro;

%macro mulreg(indat=, invar=, auxvar=, weight=, vfunct=, 

                regwght=, totalx=, popsize=, notes=)/store;

data glregind; set &indat; /*data size getting*/
proc means n data=glregind noprint;

var &invar; output out=mulrgout n=; run;

data _null_; set mulrgout; call symput('datsize', _freq_); run;

%if (%length(&vfunct) ne 0) %then %do; /* do vfunct ne 0*/
proc means n data=glregind noprint;

var &invar; where &vfunct>0;

output out=mulrgout n=mreg_siz; run;

data _null_; set mulrgout; call symput('mreg_siz', mreg_siz); run;

/*number of effective observations used in regression if */
/* a variance function is specified.                     */ 

%let nzero_1=%eval(&datsize-&mreg_siz); 

%if &nzero_1>0 & (%length(&regwght) ne 0) %then %do;

proc means sum sumwgt data=glregind noprint;

var &auxvar; weight &weight;

where &vfunct<=0;

output out=out (drop=_type_ _freq_)

sum=&auxvar sumwgt=sumwgt; run; 

%end; /* get the sub total of the auxvar where vfunct=0*/
data glregind; /* add the invers of the variance function to the data*/
set glregind; 

if (&vfunct>0) then

vfunct=1/(&vfunct);

else vfunct=0;

if vfunct>0;

run;

%end; /* end of vfunct ne 0*/
%if (%length(&vfunct)=0) %then %let nzero_1=0;

proc iml; /* getting of the number of input variables of interesting*/
invect={&invar}; /* for control instructions */
numinva=ncol(invect);

create numinva from numinva [colname={numinva}];

append from numinva;

data numinva; set numinva; call symput('numinva', numinva); run;

/***************************************************/
proc iml;

use glregind;

read all var {&invar} into yy0;     /* column vector of invar*/
read all var {&auxvar} into xx0;    /* column vector of auxvar*/
%if %length(&weight) ne 0 %then %do;

read all var {&weight} into weight; /* column vector of weight*/
%end;

%if %length(&vfunct) ne 0 %then %do;

read all var {vfunct} into vxx;

%end;

%if (&nzero_1>0) & (%length(&regwght) ne 0) %then %do;

use out; read all var {&auxvar} into totalx0; 

read all var {sumwgt} into sumwgt; 

%end;

invect={&invar};

auxvect={&auxvar};

numinva=ncol(invect);

numauxv=ncol(auxvect);

numobs0=nrow(yy0);

one0=j(numobs0, 1, 1); /* column vector of 1s */
one1=j(numauxv, 1, 1);

one2=j(numinva, 1, 1);

one_x=one0||xx0;      /* enlarged column vector */ 

%if %length(&weight)=0 %then %do; weight=one0; %end;

%if %length(&vfunct)=0 %then %do; vxx=one0;    %end;

/******************************************************/
/* data preparation for calculation of the regression */
/* weights.                                           */
/******************************************************/
%if (%length(&regwght) ne 0) %then %do;

%if (%length(&totalx) ne 0) %then %do;

totalx={&totalx};

%if (&nzero_1>0) %then %do;

totalx=totalx-totalx0; %end;

%end;

%else %if (%length(&totalx)=0) %then %do;

totalx=t(weight)*xx0; %end;

%if (%length(&popsize) ne 0) %then %do;

popsize={&popsize};

%if (&nzero_1>0) %then %do;

popsize=popsize-sumwgt; %end; 

%end;

%if (%length(&popsize)=0) %then %do;

popsize=t(weight)*one0; %end;

totalx=popsize||totalx;

estimx=t(weight)*one_x;

%end;

/********************************************************/
dfsigmar=sum(weight)-1; /* should 'dfsigmar=sum(weight)-numauxv-1' */
if (dfsigmar>0) then do; /* do dfsigmar>0 */
weitvx=vxx#vxx#weight;

xxt=t(one_x)*(one_x#weitvx);

ginvxxt=ginv(xxt);

betra0=ginvxxt*t(one_x);

%if (%length(&regwght) ne 0) %then %do;

regwght=(one_x#weitvx)*ginvxxt; /*for calculation of the regression weight*/
%end;

betra0=betra0*(weitvx#yy0); /* regression coefficient */
yyhut=one_x*betra0;         /* fitted values of the invar */
residu=yy0-yyhut;           /* residu of the regression */
residuy=t(one0)*(weight#yy0);

residyt=t(one0)*(weight#yyhut);

residuy=yy0-one0*residuy/sum(weight);

residyt=yyhut-one0*residyt/sum(weight);

sigmar=t(residu)*(weitvx#residu); /* weighted sum of residuals */
sigmar=sigmar/dfsigmar;

sigmap=t(residyt)*(weight#residyt);

sigmap=sigmap/(sum(weight)-1); /*variance-co-variance matrix of predicted values*/
sigmay=t(residuy)*(weight#residuy); 

sigmay=sigmay/(sum(weight)-1); /*variance-co-variance matrix of observed values*/ 

insigmay=ginv(sigmay);

insigmap=ginv(sigmap);

rsquare=t(residuy)*(weight#residyt)/(sum(weight)-1);

rsquare=insigmay*(rsquare**2)*insigmap;

rsquare=t(one2)*diag(rsquare); /* r-square of the regression */
sigmar=t(one2)*diag(sigmar);  /* residual-variance of the regression */
nbetra={betra_1};

%if (&numinva>1) %then
%do i=2 %to &numinva;

betrai={betra_&i};

nbetra=nbetra||betrai;

%end;

create betra from betra0 [colname=nbetra];

append from betra0;

create sigmar from sigmar [colname={&invar}];

append from sigmar;

create Rsquare from Rsquare [colname={&invar}];

append from Rsquare;

end;

create dfsigmar from dfsigmar [colname={dfsigmar}];

append from dfsigmar;

%if (%length(&regwght) ne 0) %then %do;

regwght=weight+regwght*t(totalx-estimx); 

create &regwght from regwght [colname={regwght}];

append from regwght;

data &regwght; set glregind; set &regwght; run; 

%end;

quit;

data _null_; set dfsigmar; call symput('dfsigmar', dfsigmar); run;

%if (&dfsigmar<=0)|(&datsize<=1) %then %do;

%if (&notes=yes)|(&notes=y) %then %do;

%put *********************************************************;

%put * Warning: data size is too small to do the regression! *;

%put *********************************************************;

%end;

%end;

%if (%length(&vfunct) ne 0) %then %do;

%if (&nzero_1 ne 0) %then %do;

%if (&notes=yes)|(&notes=y) %then %do;

%put ************************************************************************;

%put * Warning: There are &nzero_1 observation(s) excluded in the regression *;

%put * since the function &vfunct has non-positive value(s)!      *;

%put ***********************************************************************;

%end;

%end;

%end;

proc delete data=glregind numinva mulrgout dfsigmar; run;

%mend Mulreg;

3. Program for calculation of design-based outlier robust estimators

This Macro effects the calculation of the design-based outlier robust estimators studied in section 3 of part I.
/******************************************************************/
/* Program name: DesBREst01        2 Nouvember 2001               */
/* Function: Design-Based Robust Estimation for finite population */
/*                                                                */
/* HS estimator: Hidirouglou and Srinath estimator                */
/* RL estimator: Robust estimator of RL                           */    

/* RC estimator: Ray Chambers' robust estimator,                  */
/*               a generalisation of RL estimators.               */
/* Wins II:      Type two Winsorising estimator.                  */
/* HT estimator: The simple expansion estimator (HT)is calculated */ 

/*               for comparison.                                  */
/* Estimators depending on auxiliary information:                 */
/* Estregrl:     RL robust regression estimator;                  */
/* Estclreg:     the classical regression estimator for comparison*/
/*(References: 'Empirical study of some outlier robust estimators'*/
/*  R. REN and R. Chmabers, Euredit project report, 2001 )        */  

/* Parameters :                                                   */
/* input:       input dataset, containing variables invar, auxvar */
/*              and the weighting variable weight.                */
/* psize:       the population size, put 0 or blank when unknown; */
/*              in this case, the sum of the weight variable is   */
/*              used as an estimation.                            */
/* invar:       list of names of variable of interesting, existing*/
/*              in the input dataset (may be vector, seperated by */
/*              blank, not available for the present version) .   */
/* auxvar:      list of names of auxiliary variables, exist in the*/
/*              input dataset. If vector, seperated by blank.     */
/*              auxvar=0 if no auxiliary varaible.                */
/* totalx:      population total of the auxiliary variable for    */
/*              regression estimator. Put 0 or blank If unknown,  */
/*              the defaut value is the weighted sum over the     */
/*              sample.                                           */
/* outlind:     outlier identity variable.                        */
/* proport1:    proportion of small or big outlier units in the   */
/*              population (if only one kind of outliers) for RL  */
/*              estimator, optional.                              */
/* proport2:    proportion of big outlier units in the population */
/*              (when there are two kinds of outliers), optional. */
/* weight :     weighting varaible, the sampling weight, exist in */
/*              the input dataset.                                */
/* outdat:      user given output dataset name. This dataset      */
/*              contains the computed population total  estimates */
/*              for the analysis variable according to different  */
/*              methods. The name of the estimator is the same as */
/*              the name of the method.                           */
/* vfcunt0:     variance function defined by user for hetero-     */
/*              sedastic model when calculating the regression    */
/* vfunct1:     estimators. 0 for inliers and 1 for outliers.     */
/* cutoffq:     quantil given for cutoff for Wins II estimator,   */
/*              this parameter is optional, put 0 or blank if not */
/*              specified.                                        */
/* cutoffk:     given cutoff values for Wins II estimator, its    */
/*              priority is higher than that of cutoffq. Optional,*/
/*              put 0 or blank if not specified.                  */
/* tunconst:    tuning constant for Wins II estimators, optional. */ 

/*              its priority is higher than that of cutoffk. The  */
/*              defaute value is given as tunconst=2.5.           */ 

/*  totalx:     population total of the auxiliary variable for    */
/*              regression estimator. Put 0 or blank If unknown,  */
/*              the defaut value is the weighted sum over the     */
/*              sample.                                           */
/*    c22:      coefficient of variation of outlier units for HS  */
/*              estimator. Usually an empirical value between 2   */
/*              100 according to sample size. Onpional, put 0 or  */
/*              blank if not specified.                           */   

/* editweit:    user given name for an output dataset contains    */
/*              all of the variables in the input dataset and the */
/*              computed various weight varaibles for various     */
/*              estimators. In fact all of the compared estimators*/
/*              are converted to a weighted sum of invar according*/
/*          to different weights calculated. The weight variables */
/*            are estimht, estimhs, estimrl, estimrc, estweit, and*/
/*            estwins and estregrl, estclreg if auxiliary variable*/
/*            is specified. Basd on this data set, the estimators */
/*            can be calculated by a simple sas procedure:        */
/*            'proc means sum data=editweit;'                     */
/*            'var estimht estimhs estimrl estimrc estweit;'      */
/*            'weight &invar;'                                    */
/*            'run;'                                              */ 

/*                                                                */
/******************************************************************/
options mstored sasmstore=sasmacro;

%macro DesBREst01(indat=, psize=, invar=, auxvar=, 

      cutoffq=, /* quantil given for cutoff for Wins II estimator     */

  cutoffk=, /* given cutoff values for Wins II estimator, its     */

            /* priority is higher than that of cutoffq.           */
      totalx=,  /* total of the auxiliary variable                    */
      c22=,     /* coefficient of variation of outlier units          */

            /* for HS estimator. otpional                         */

  tunconst=,/* tuning constant for RC estimators, optional        */ 

      outlind=, /* outlier identity variable.                         */
      proport1=,/* proportion of small or big outlier units in the    */
                /* population for RL estimator, optional.             */
      proport2=,/* proportion of big outlier units in the             */
                /* population for RL estimator, optional.             */ 

      weight=,  /* variable of sampling weight                        */
      vfunct0=, /* variance function for the inlier part for regression*/
                /* estimator, optional.                               */
      vfunct1=, /* variance function for the outlier part for regression*/
                /* estimator, optional.                               */
      editweit=,/* weight edit parameter, if =0, no edit, if a edit   */
                /* desired, give a name of the dataset containing     */
                /* the edited weights (for random group variance est  */
      outdat= )/store; /*output dataname, contains the estimates      */
/**********************************************************/
/* Module one: No auxiliary information available.        */
/**********************************************************/ 

%if (%length(&auxvar)=0)|(&auxvar=0) %then %do;

/**********************************************************/
/*          ---------****PART ONE****-----------          */
/* Part I: Data preparation for general data information, */
/* the obs with weight=1 are excluded in the estimation   */
/* and the sum of these obs will be added  to the final   */
/* estimate at the end.                                   */
/**********************************************************/
data orepinda weight_1 (keep=&weight &invar &outlind); set &indat; 

if (&weight ne 1) then output orepinda;

else output weight_1; run;

/************************************/
/*get the effective sample size     */
/*(excluding the obs with weight=1) */
/************************************/
proc means n data=orepinda noprint;

var &invar; output out=desout n=desb_siz; run;

data _null_; set desout; call symput('desb_siz', desb_siz); run;

/***************************************/
/* get the total sample size including */ 

/* the observations with weight=1      */
/***************************************/
proc means n data=&indat noprint;

var &invar; output out=desout n=tsamsize; run;

data _null_; set desout; call symput('tsamsize', tsamsize); run;

/**************************************************/
/* get the number of different types of outliers. */
/* &outlind=-1 for small outliers, =0 for inliers */
/* and =1 for big outliers.                       */ 

/* typoutli: number of different types of outliers*/
/* typoutli=1, no outliers,                       */
/* typoutli=2, one kind of outliers, small or big */
/* typoutli=3, two kinds of outliers.             */ 

/**************************************************/
data typoutli (keep=&outlind); set orepinda;

proc sort noduplicates data=typoutli;

by &outlind; run;

proc means n data=typoutli noprint;

var &outlind; output out=desout n=typoutli; run;

data _null_; set desout; call symput('typoutli', typoutli); run;

/**************************************************/
/*get the number of outliers of different types   */
/*numout_1 for number of small (or big ) outliers */
/*if only one kind of outlier,  numout_1 for small*/
/*and numout_2 for big if two kinds of outliers.  */
/**************************************************/ 

%if (&typoutli>1) %then %do;

data desout (keep=&outlind); set orepinda;

proc sort data=desout;

by &outlind; run;

data desout (keep=&outlind numoutli); 

set desout; by &outlind;

if first.&outlind then numoutli=1;

else numoutli+1;

if last.&outlind then output;

run;

%if (&typoutli=2) %then %do;

data _null_; set desout; if (&outlind ne 0);

if (&outlind=-1) then numout_1=-numoutli;

if (&outlind=1) then numout_1=numoutli;

call symput('numout_1', numout_1); run;

%end;

%if (&typoutli=3) %then %do;

data _null_; set desout; if (&outlind=-1);

numout_1=-numoutli; call symput('numout_1', numout_1); run;

data _null_; set desout; if (&outlind=1);

numout_2=numoutli; call symput('numout_2', numout_2); run;

%end;

proc means sum data=desout noprint;

var numoutli; where (&outlind ne 0);

output out=desout sum=numoutli; run;

data _null_; set desout; call symput('numoutli', numoutli); run;

%end; /* end of typoutli>1 */
/*numout_1>0 if There is only big outliers, and numout_1<0 if    */
/*there is only small outliers or there are two kinds of outliers*/  

%if (&typoutli=1) %then %let numoutli=0;

/**************************************/
/*Calculation of the sub-total for obs*/
/*with weight=1                       */
/**************************************/
%if (&tsamsize>&desb_siz) %then %do;

proc means sum sumwgt data=weight_1 noprint;

var &invar; weight &weight;

output out=desout sum=sumweit1 sumwgt=psweit1; run;

data _null_; set desout;

call symput('sumweit1', sumweit1); 

call symput('psweit1', psweit1); run;

%end;

%if (&tsamsize=&desb_siz) %then %do;

%let sumweit1=0; %let psweit1=0; %end;

/********************************************/
/* get the effective population size        */
/********************************************/
%if (%length(&psize) ne 0)&(&psize ne 0) %then
%let psize=(&psize-&psweit1);

%else %do; 

proc means sum data=orepinda noprint;

var &weight; output out=desout sum=psize; run;

data _null_; set desout; call symput('psize', psize); run;

%end;

/**************************************************************/
/*           --------PART TWO------------                     */
/* Calculation of the Estimators not depending on the         */
/* auxiliary inofrmation.                                     */
/**************************************************************/
/**********************************************************/
/* Caculating the un-weighted mean, sum and std for the   */
/* whole dataset and for the inliers and the outliers for */
/* HS and RC estimator.                                   */
/**********************************************************/
proc means mean std data=orepinda noprint;

var &invar; output out=desout mean=mean std=std; run;

Data _null_; set desout; call symput('mean', mean); 

Call symput('std', std); run;

/********************************************************/
/* calculation of the cutoff for the type II winsorized */
/* and the weith-1 estimators                           */
/********************************************************/
%if (%length(&cutoffk)=0)|(&cutoffk=0) %then %do;

%if (%length(&tunconst) ne 0)&(&tunconst ne 0) %then %do;

data _null_; 

cutoffk=&mean+&std*&tunconst;

call symput('cutoffk', cutoffk); run; 

%end; /*end of tunconst en 0*/
%if (%length(&tunconst)=0)|(&tunconst=0) %then %do;

%if (%length(&cutoffq) ne 0)&(&cutoffq ne 0) %then 

%let tunconst=tinv(&cutoffq, &desb_siz);

%else %if (%length(&cutoffq)=0)|(&cutoffq=0) %then 

%let tunconst=tinv(0.999, &desb_siz);

data _null_; 

cutoffk=&mean+&std*&tunconst;

call symput('cutoffk', cutoffk); run; 

%end; /* end of tunconst=0*/
%end; /* end of cutoffk=0 */
/*******************************************************/
/* Case one: no outliers in the dataset, in this case  */
/* the estimators HS RL and RC are all equal to the HT */
/* estimator.                                          */
/*******************************************************/
%if (&typoutli=1) %then %do;

proc means sum data=orepinda noprint;

var &invar; weight &weight; output out=desout (drop=_type_ _freq_)

sum=EstimHT; run;

data &outdat; set desout; EstimHS=EstimHT;

Estimrl=EstimHT; EstimRC=EstimHT; run;

%end; /* end of typoutli=1*/ 

/*******************************************************/
/*Case two: there is just one kind of outliers, small  */
/*or big, typoutli=2.                                  */ 

/*******************************************************/
%if (&typoutli=2) %then %do;  /*do of typoutli=2 */
/**********************************************/
/* Split the data into outliers and inliers   */
/**********************************************/
data orepin0 orepin1 (keep=&invar &weight &outlind); set orepinda;

if (&outlind=0) then output orepin0;

else output orepin1; run;

/********************************************************/
/*Calculation of the un-weighted sample characterestics */
/********************************************************/
proc means mean median std data=orepin0 noprint;

var &invar; where &outlind=0; output out=desout1 (drop=_type_ _freq_)

mean=mean0 std=std0 median=median0; run;

data _null_; set desout1; call symput('mean0', mean0); run;

%if (&numout_1 ne 1)|(&numout_1 ne -1) %then %do; 

proc means mean std median data=orepin1 noprint;

var &invar; where &outlind ne 0; output out=desout2 (drop=_type_ _freq_)

mean=mean1 std=std1 median=median1; run;

%end;

%if (&numout_1=1)|(&numout_1=-1) %then %do;

data desout2(keep=mean1 median1 std1); set orepin1;

mean1=&invar; median1=&invar; std1=0; run;

%end;

data _null_; set desout2; call symput('mean1', mean1); run;

/*****************************************************/
/*calculation of the weighted sample characteristics */
/*****************************************************/
proc means n mean sum uss css data=orepin0 noprint; 

var &invar; weight &weight;

output out=desout3 n=n0 mean=wmean0 sum=wsum0 uss=wuss0 css=wcss0; run;

proc means n mean sum uss css data=orepin1 noprint; 

var &invar; weight &weight;

output out=desout4 n=n1 mean=wmean1 sum=wsum1 uss=wuss1 css=wcss1; run;

/**********************************************/
/* Data preparation for RC estimator          */
/**********************************************/
data desout5(keep=&invar &weight); set orepin0;

&invar=(&invar-&mean0)**2*&weight**2; 

proc means sum data=desout5 noprint; var &invar &weight;  

output out=desout6 (drop=_type_ _freq_) sum=w2y0 sumw0; run;

data desout7(keep=&invar &weight); set orepin1;

&invar=(&invar-&mean1)**2*&weight**2;

proc means sum data=desout7 noprint; var &invar &weight; 

output out=desout8 (drop=_type_ _freq_) sum=w2y1 sumw1; run;

/******************************************************************/
/* Calculation of the lamda and q for HS, RL and RC estimators    */
/******************************************************************/
data _null_;

set desout1; set desout2; set desout3; set desout4;

set desout6; set desout8;

if (n1>=10) then c22=(std1/mean1)**2;

if (n1<10) then c22=n0*n1/(n1+2*n0);

if (%length(&c22) ne 0)&(&c22 ne 0) then c22=&c22;

if (median0 ne 0) then

u21=sqrt((median1*wmean1)/(median0*wmean0)); /*sample based estimate*/
else if (median0=0) then

u21=sqrt((median1*wmean1))/wmean0;

deltarl=u21*sumw1/sumw0;

if (%length(&proport1) ne 0 )&(&proport1 ne 0) then 

deltarl=u21*&proport1/(1-&proport1); 

if (%length(&c22) ne 0) then lamdahs=n1/(n1+c22); 

else do;

lamdahs=n1*n0*(mean1-mean0)**2+n0*std1**2*&desb_siz/&psize

        +std0**2*(&desb_siz-n0*&desb_siz/&psize);

lamdahs=lamdahs/(n1*n0*(mean1-mean0)**2+n0*std1**2 +std0**2*n1);  

end;

qhs=(&desb_siz-lamdahs*n1)/n0;

lamdarl=deltarl*(deltarl+1)*wuss0/(deltarl**2*wuss0+wuss1);

qrl=deltarl*(1-lamdarl)+1;

if (median0 ne 0) then

deltarc=n1*sqrt(median1*wmean1)/(n0*sqrt(median0*wmean0)); /*for RC estimator */
else if (median0=0) then

deltarc=n1*sqrt(median1*wmean1)/(n0*wmean0);  /*??*/
lamdarc=deltarc*(deltarc+1)*w2y0/(deltarc**2*w2y0+w2y1); /*???*/
qrc=deltarc*(1-lamdarc)+1;

if (&numout_1<0) then do;

lamdahs=1; qhs=1; /*if there is only small outliers, HS esimator */
end;              /* is set equal to the HT estimator.           */ 

call symput('lamdahs', lamdahs);

call symput('qhs', qhs);

call symput('lamdarl', lamdarl);

call symput('qrl', qrl);

call symput('lamdarc', lamdarc);

call symput('qrc', qrc);

run;

data &outdat(keep=EstimHT EstimHS EstimRL EstimRC);

set desout3; set desout4;

EstimHT=wsum1+wsum0;

EstimHS=&lamdahs*wsum1+&qhs*wsum0;

EstimRL=&lamdarl*wsum1+&qrl*wsum0;

EstimRC=&lamdarc*wsum1+&qrc*wsum0;

run;

proc delete data=orepin0 orepin1 desout1 desout2 desout3 

desout4 desout5 desout6 desout7 desout8; run;

%end; /* end of typoutli=2*/
/**********************************************************/
/* Case Three: data preparation for the case of existance */
/*        of two kinds of outliers.                       */
/* Get the partioned data: orepin0 for inliers, orepin1   */
/* for small outliers, orepin2 for big outliers and       */
/* orepin00 for inliers and small outliers (for the calcul*/
/* -tion of hs estimator                                  */
/*orepin0: data set containing the normal units,          */
/*orepin1: data set containing the small outlier          */
/*orepin2: data set containing the big outliers           */
/**********************************************************/
%if (&typoutli=3) %then %do; 

/*split the dataset into sub-datasets */
data orepin0 orepin1 orepin2 (keep=&invar &weight &outlind);

set orepinda;

if &outlind=0 then output orepin0;

if &outlind=-1 then output orepin1;

if &outlind=1 then output orepin2;

run;

/***************************************************/
/* Calculate the un-weighted sample characterestics*/
/* for HS and RC estimators, they treat only  the  */
/* big outliers, treat the small outliers as inliers*/ 

/***************************************************/
proc means mean std median data=orepinda noprint;

var &invar; where (&outlind ne 1);

output out=desout mean=mean01 std=std01 median=median01; run;

data _null_; set desout; call symput('mean01', mean01);

call symput('std01', std01); call symput('median01', median01); run;

%if (&numout_2>1) %then %do;

proc means mean std data=orepin2 noprint;

var &invar; output out=desout mean=mean2 std=std2; run;

%end;

%if (&numout_2=1) %then %do;

data desout; set orepin2; mean2=&invar; std2=0; run;

%end;

data _null_; set desout; call symput('mean2', mean2);

call symput('std2', std2); run;

data desout; set orepinda; 

&invar=(&invar-&mean01)**2*&weight**2;

proc means sum data=desout noprint;

var &invar &weight; output out=desout1 sum=w2y21 sumw21;

where (&outlind ne 1); run;

data desout; set orepinda; 

&invar=(&invar-&mean2)**2*&weight**2;

proc means sum data=desout noprint;

var &invar &weight; output out=desout2 sum=w2y22 sumw22;

where (&outlind=1); run;

data _null_; set desout1; set desout2; call symput('w2y21', w2y21);

call symput('sumw21', sumw21); call symput('w2y22', w2y22);

call symput('sumw22',sumw22); run;

proc delete data=desout1 desout2; run;

/*************************************************/
/* calculate the weighted sample characterestics */
/* for the outliers and inliers.                 */
/*************************************************/
%do i=0 %to 2;

proc means n mean sum uss sumwgt data=orepin&i noprint;

var &invar; weight &weight;

output out=desout&i n=n&i mean=wmean&i

sum=wsum&i uss=uss_&i sumwgt=sumw&i; run;

%end;

%do i=0 %to 2;

proc means median data=orepin&i noprint;

var &invar; output out=desoutm&i median=median&i; run;

%end;

data _null_;

set desout0; set desout1; set desout2;

set desoutm0; set desoutm1; set desoutm2;

if (median0 ne 0) then do;

delta1=sqrt(median1*wmean1)/sqrt(median0*wmean0);

delta2=sqrt(median2*wmean2)/sqrt(median0*wmean0);

end;

if (median0=0) then do;

delta1=sqrt(median1*wmean1)/wmean0;

delta2=sqrt(median2*wmean2)/wmean0;

end;

delta1=delta1*sumw1/sumw0;

delta2=delta2*sumw2/sumw0;

if ((%length(&proport1) ne 0)&(&proport1 ne 0))&

((%length(&proport2) ne 0 )&(&proport2 ne 0)) then

do; 

delta1=delta1*&proport1/(1-&proport1);

delta2=delta2*&proport2/(1-&proport2);

end; 

numerate=(delta1**2*uss_2+delta2**2*uss_1)*uss_0+uss_1*uss_2;

lamda1=(delta1**2+delta1+delta1*delta2)*uss_0*uss_2;

lamda2=(delta2**2+delta2+delta1*delta2)*uss_0*uss_1;

if (numerate ne 0) then do;

lamda1=lamda1/numerate;

lamda2=lamda2/numerate;

end;

if (numerate=0) then do;

if (uss_1=0) then do;

lamda1=0;

lamda2=(delta2**2+delta2)*uss_0/(delta2**2*uss_0+uss_2);

end;

end;

flamda=delta1*(1-lamda1)+delta2*(1-lamda2)+1;

if n2>=10 then

c22=(&std2/&mean2)**2;

if n2<10 then 

c22=(n0+n1)/(n2+2*(n0+n1));

if (%length(&c22) ne 0)&(&c22 ne 0) then c22=&c22;

if (%length(&c22) ne 0) then 

lamdahs=n2/(n2+c22);

else do;

flamdahs=n2*(n0+n1)*(&mean2-&mean01)**2+(n0+n1)*&std2**2*&desb_siz/&psize

        +&std01**2*(&desb_siz-(n0+n1)*&desb_siz/&psize);

zlamdahs=n2*(n0+n1)*(&mean2-&mean01)**2+(n0+n1)*&std2**2+n2*&std01**2;

lamdahs=flamdahs/zlamdahs;

end;

flamdahs=(&desb_siz-lamdahs*n2)/(n0+n1);

if (&median01 ne 0) then 

deltarc=n2*sqrt(median2*wmean2)/((n0+n1)*sqrt(&median01*&mean01));

if (&median01=0) then

deltarc=n2*sqrt(median2*wmean2)/((n0+n1)*&mean01);

lamdarc=deltarc*(1+deltarc)*&w2y21/(deltarc**2*&w2y21+&w2y22);

flamdarc=deltarc*(1-lamdarc)+1;

call symput('lamda1', lamda1);

call symput('lamda2', lamda2);

call symput('flamda', flamda);

call symput('lamdahs', lamdahs);

call symput('flamdahs', flamdahs);

call symput('lamdarc', lamdarc);

call symput('flamdarc', flamdarc);

run;

data &outdat (keep=Estimht Estimhs Estimrl Estimrc);

set desout0; set desout1; set desout2;

Estimht=wsum0+wsum1+wsum2;

Estimhs=&lamdahs*wsum2+&flamdahs*(wsum0+wsum1);

Estimrl=&lamda1*wsum1+&flamda*wsum0+&lamda2*wsum2;

Estimrc=&lamdarc*wsum2+&flamdarc*(wsum0+wsum1);

run;

proc delete data=desout0 desout1 desout2 desoutm0 desoutm1 desoutm2

                 orepin0 orepin1 orepin2;

run;

%end; /* end of typoutli=3 */
/*************************************************************/
/* Calculation of the weit-1 and the winsorised estimators,  */
/* which is independent of the outlier status of the dataset.*/
/*************************************************************/
data desout (keep=Estweit Estwins);

set orepinda;   

if (&invar<=&cutoffk) then do;

Estweit=&weight*&invar;

Estwins=&weight*&invar;

end;

else if (&invar>&cutoffk) then do;

Eestweit=&invar;

Estwins=&weight*(&invar*&desb_siz/&psize+(1-&desb_siz/&psize)*&cutoffk);

end;

proc means sum data=desout  noprint;

var estweit estwins;

output out=desout (drop=_type_ _freq_) sum=Estweit Estwins; run;

data &outdat; set &outdat; set desout; 

EstimHT=EstimHT+&sumweit1;

EstimHS=EstimHS+&sumweit1;

EstimRL=EstimRL+&sumweit1;

EstimRC=EstimRc+&sumweit1;

Estweit=Estweit+&sumweit1;

Estwins=Estwins+&sumweit1;

run;

/************************************************************/
/* construct the edited weight file for later use, for e.g. */
/* for calculating the random group variance estimator. The */
/* dataset contains all of the input variables and  the     */
/* calculated robust weights.                               */
/***********************************************************/
%if (&typoutli=1) %then %do;

%let lamdarl=1; %let lamdahs=1; %let lamdarc=1;

%let qrl=1; %let qhs=1; %let qrc=1;

%end;

%if (%length(&editweit) ne 0)&(&editweit ne 0) %then %do;

data &editweit (keep=&invar EstimHT Estimhs Estimrl EstimRC Estweit Estwins); 

set orepinda weight_1;   

EstimHT=&weight;

if (&outlind ne 0) then do;

Estimhs=&weight*&lamdahs;

Estimrl=&weight*&lamdarl;

Estimrc=&weight*&lamdarc;

end;

else if (&outlind=0) then do;

Estimhs=&weight*&qhs;

Estimrl=&weight*&qrl;

Estimrc=&weight*&qrc;

end;

if (&invar<=&cutoffk) then do;

Estweit=&weight;

Estwins=&weight;

end;

else if (&invar>&cutoffk) then do;

Estweit=1;

Estwins=&weight*(&desb_siz/&psize+(1-&desb_siz/&psize)*&cutoffk/&invar);

end;

if (&weight=1) then do;

Estimhs=1;

Estimrl=1;

Estimrc=1;

Estweit=1;

Estwins=1;

end;

run;

%end; /* end of editing weights */
proc delete data=orepinda typoutli weight_1 desout;

run;

%end; /* end of auxvar=0*/
/*****************************************************/
/*   ------------MODULE TWOE----------------------   */
/*                                                   */
/* Module two: Estimators using auxliary information */
/* The regression estimators                         */
/* When there is auxiliary information available the */
/* following procedures calculate the design based   */
/* robust regression estimator and the classical     */
/* regression estimator.                             */
/*****************************************************/
%if (%length(&auxvar) ne 0)&(&auxvar ne 0) %then %do;

/*****************************************************/
/* Step one: data preparation.                       */
/*****************************************************/
/*Get the effective obseravtions where weight ne 1 & */
/* invar ne 0 &auxvar ne 0.                          */
/*****************************************************/ 

data orepinda weight_1 (keep=&weight &invar &auxvar &outlind);

set &indat; 

if (&weight ne 1)&(&auxvar ne 0)&(&invar ne 0) then output orepinda;

else output weight_1; run; 

/*******************************************/
/* get  the total sample size.             */
/*******************************************/
proc means n data=&indat noprint;

var &invar; output out=desout n=tsamsize; run;

data _null_; set desout; call symput('tsamsize', tsamsize); run;

/**************************************************/
/* get the number of different types of outliers. */
/* &outlind=-1 for small outliers, =0 for inliers */
/* and =1 for big outliers.                       */ 

/* typoutli: number of different types of outliers*/
/* typoutli=1, no outliers,                       */
/* typoutli=2, one kind of outliers, small or big */
/* typoutli=3, two kinds of outliers.             */ 

/**************************************************/
data typoutli (keep=&outlind); set orepinda;

proc sort noduplicates data=typoutli;

by &outlind; run;

proc means n data=typoutli noprint;

var &outlind; output out=desout n=typoutli; run;

data _null_; set desout; call symput('typoutli', typoutli); run;

/**************************************************/
/*get the number of outliers of different types   */
/*numout_1 for number of small (or big ) outliers */
/*if only one kind of outlier,  numout_1 for small*/
/*and numout_2 for big if two kinds of outliers.  */
/**************************************************/ 

%if (&typoutli>1) %then %do;

data desout (keep=&outlind); set orepinda;

proc sort data=desout;

by &outlind; run;

data desout (keep=&outlind numoutli); 

set desout; by &outlind;

if first.&outlind then numoutli=1;

else numoutli+1;

if last.&outlind then output;

run;

%if (&typoutli=2) %then %do;

data _null_; set desout; if (&outlind ne 0);

if (&outlind=-1) then numout_1=-numoutli;

if (&outlind=1) then numout_1=numoutli;

call symput('numout_1', numout_1); run;

%end;

%if (&typoutli=3) %then %do;

data _null_; set desout; if (&outlind=-1);

numout_1=-numoutli; call symput('numout_1', numout_1); run;

data _null_; set desout; if (&outlind=1);

numout_2=numoutli; call symput('numout_2', numout_2); run;

%end;

proc means sum data=desout noprint;

var numoutli; where (&outlind ne 0);

output out=desout sum=numoutli; run;

data _null_; set desout; call symput('numoutli', numoutli); run;

%end; /* end of typoutli>1 */
%if (&typoutli=1) %then %let numoutli=0;

/*****************************************************************/
/* get the effective sample size (excluding the observations     */
/* which have &weight=1 or &auxvar=0 or &invar=0 or &auxvr=1 or  */
/* &invar=1 if log transformation is used, and the estimated     */
/* effective population size.                                    */
/*****************************************************************/
proc means n sum data=orepinda  noprint;

var &weight; output out=desout n=desb_siz sum=popsize; run;

data _null_; set desout; call symput('desb_siz', desb_siz); 

call symput('popsize', popsize); run;

/**************************************************/
/* number of observations with which &weight=1    */
/* or &auxvar=0 or &invar=0 in the original scal  */
/* &auxvar ne 0 & ne 1, &invar ne 0 & ne 1 in log */
/* scale.                                         */
/**************************************************/
%let zerone=%eval(&tsamsize-&desb_siz); 

/************************************************/
/* estimation of the sub-totals over the non-   */
/* effective sample, and the sub-population size*/
/************************************************/ 

%if (&zerone ne 0) %then %do;

proc means sum sumwgt data=weight_1 noprint;

var &invar &auxvar; weight &weight; 

output out=desout sum=yweit01 xweit01 sumwgt=weight01; run;

data _null_; set desout; call symput('yweit01', yweit01); 

call symput('xweit01', xweit01);

call symput('weight01', weight01);run;

proc delete data=weight_1; run;

%end;

%if (&zerone=0) %then %do;

%let yweit01=0; %let xweit01=0;

%let weight01=0; %end;

/******************************************/
/* calculation of the net population size */
/******************************************/
%if (%length(&psize) ne 0) %then %do;

data _null_;

psize=&psize-&weight01;

call symput('psize', psize); run; 

%end;

%else %let psize=&popsize;

/*****************************************************/
/* calculation of the net population total of auxvar */ 

/*****************************************************/
%if (%quote(&totalx) ne 0)&(%length(&totalx) ne 0) %then %do;

data _null_;

totalx=&totalx-&xweit01;

call symput('totalx', totalx); run;

%end;

/***********************************************************/
/* estimation of the net population total if not specified */
/* In this case, the estimators will be degenerated to HT  */
/* estimator and the robust estimator does not using auxi- */
/* liary information.                                      */ 

/***********************************************************/
%if (%quote(&totalx)=0) | (%length(&totalx)=0) %then %do;

proc means sum data=orepinda noprint;

var &auxvar; weight &weight; 

output out=desout (drop=_type_ _freq_)

sum=totalx; run; data _null_; set desout; 

call symput('totalx', totalx); run;

%end;

/******************************************************/
/* Step one: Clalculate the classical design based    */
/* regression estimator.                              */
/******************************************************/
%mulreg(indat=orepinda, invar=&invar, auxvar=&auxvar, weight=&weight,

       vfunct=&vfunct0, notes=); 

data _null_; set betra (firstobs=2 obs=2); set sigmar; 

call symput('regb', betra_1); call symput('sigmar', &invar); run;

proc means sum data=orepinda noprint;

var &invar &auxvar; weight &weight; 

output out=desout sum=wsumy wsumx; run;

data &outdat (keep=Estclreg); set desout;

Estclreg=wsumy+&regb*(&totalx-wsumx);

run;

/*********************************************************/
/* Step 2: claculate the RL robust regression estimtor.  */
/*********************************************************/
/* Case one: No outliers in the dataset, in this case,*/
/* the RL robust estimator is set to be the same as the*/
/* classical regression estimator.                     */
/******************************************************/
%if (&typoutli=1) %then %do;

data &outdat; set &outdat;

Estregrl=Estclreg; run;

proc delete data=orepinda desout; run;

%end;

/************************************************************/
/* Case two: There is only one kind of outliers in the data */
/* set, small or big outliers. But the robust regression    */
/* does not distinguish the small or big outliers if there  */
/* is only one kind.                                        */
/************************************************************/
%if (&typoutli=2) %then %do;  /*do of typoutli=2 */
data orepin0 orepin1; 

set orepinda;

if (&outlind=0) then output orepin0;

else output orepin1; run;

/********************************************************/
/*Calculation of the un-weighted sample characterestics */
/*for inliers and outliers.                             */
/********************************************************/
proc means median sum data=orepin0 noprint;

var &invar &weight; output out=desout (drop=_type_ _freq_)

median=median0 sum=ysum0 sumw0; run;

data _null_; set desout; 

call symput('median0', median0); call symput('sumw0', sumw0); run;

proc means median sum data=orepin1 noprint;

var &invar &weight; output out=desout (drop=_type_ _freq_)

median=median1 sum=ysum1 sumw1; run;

data _null_; set desout;

call symput('median1', median1); call symput('sumw1', sumw1); run;

/******************************************************/
/* Calculation of the weighted sample characteristics */
/* for the inliers and the outliers.                  */
/******************************************************/
proc means mean sum std uss data=orepin0 noprint;

var &invar &auxvar; weight &weight; 

output out=desout1 mean=ywmean0 xwmean0 sum=ywsum0 xwsum0 

std=ywstd0 xwstd0 uss=ywuss0 xwuss0; run;

data _null_; set desout1; call symput('ywsum0', ywsum0);

call symput('xwsum0', xwsum0); run;

proc means mean sum uss data=orepin1 noprint;

var &invar &auxvar; weight &weight;  /*weighted sample characters for &outlinds*/
output out=desout2 mean=ywmean1 xwmean1 sum=ywsum1 xwsum1

uss=ywuss1 xwuss1; run;

data _null_; set desout2; call symput('ywsum1', ywsum1);

call symput('xwsum1', xwsum1); run;

/*******************************/
/* claculation of the delta    */
/*******************************/
data _null_;

set desout1; set desout2; 

if (&median0 ne 0) then

u21=sqrt((&median1*ywmean1)/(&median0*ywmean0)); /*sample based estimate*/
else if (&median0=0) then

u21=sqrt((&median1*ywmean1))/ywmean0;

deltarl=u21*&sumw1/&sumw0;

if (&proport1 not in (0 1 .)) then

deltarl=u21*&proport1/(1-&proport1);

call symput('deltarl', deltarl); 

run;

/******************************************************/
/* Calculation of the regression coefficient for the  */
/* inliers and the outliers                           */
/******************************************************/
%mulreg(indat=orepin0, invar=&invar, auxvar=&auxvar, weight=&weight,

       vfunct=&vfunct0, notes=);

data _null_; set betra (firstobs=2 obs=2); set sigmar; 

call symput('regb0', betra_1); call symput('sigmar0', &invar); run; 

%mulreg(indat=orepin1, invar=&invar, auxvar=&auxvar, weight=&weight,

       vfunct=&vfunct1, notes=);

data _null_; set betra (firstobs=2 obs=2);

call symput('regb1', betra_1); run; 

/********************************************************/
/* Data preparation for the calculation of RL estimator */
/********************************************************/
%if (%length(&vfunct0) ne 0)&(%length(&vfunct1) ne 0) %then %do;

data orepin0 orepin1;

set orepinda;

if (&outlind=0) then do;

&invar=&invar/&vfunct0;

&auxvar=&auxvar/&vfunct0;

output orepin0;

end;

if (&outlind ne 0) then do;

&invar=&invar/&vfunct1;

&auxvar=&auxvar/&vfunct1;

output orepin1;

end;

run;

proc means mean sum uss data=orepin0 noprint;

var &invar &auxvar; weight &weight; 

output out=desout1 mean=ywmean0 xwmean0 sum=ywsum0 xwsum0 

uss=ywuss0 xwuss0; run;

proc means mean sum uss data=orepin1 noprint;

var &invar &auxvar; weight &weight;  

output out=desout2 mean=ywmean1 xwmean1 sum=ywsum1 xwsum1

uss=ywuss1 xwuss1; run;

%end; /* end of vfunct ne 0*/
/*************************************************************/
/* Calculation of the unknown parameteres for RL regression. */
/*************************************************************/
data _null_;

set desout1; set desout2; 

dx02=xwuss0/(xwuss0+xwuss1);

dx12=xwuss1/(xwuss0+xwuss1);

call symput('dx02', dx02);

call symput('dx12', dx12);

run; 

/*********************************************/
/* Calculation of the optimum value of lamda */
/*********************************************/
data linsh_00 (keep=&weight ee_0 fmu_0);

set orepin0; 

ee_0=&invar-&regb0*&dx02*&auxvar;   

fmu_0=&deltarl*ee_0+&regb1*&dx12*&auxvar;

proc means uss data=linsh_00 noprint;

var ee_0 fmu_0; weight &weight;

output out=desout3 uss=euss_0 fmuuss_0; run;

data linsh_01 (keep=&weight ee_1 fmu_1);

set orepin1;

ee_1=&invar-&regb1*&dx12*&auxvar;

fmu_1=ee_1+&deltarl*&regb0*&dx02*&auxvar;

proc means uss data=linsh_01 noprint; 

var ee_1 fmu_1; weight &weight;

output out=desout4 uss=euss_1 fmuuss_1; run;

data _null_ ;

set desout1; set desout2; set desout3; set desout4; 

lamdarl=&deltarl*(1+&deltarl)*(euss_0+&regb0**2*&dx02**2*xwuss1);

lamdarl=lamdarl+(1+&deltarl)*&dx02*&dx12*&regb0*&regb1*(xwuss0+xwuss1);

lamdarl=lamdarl/(fmuuss_0+fmuuss_1);  /* estimated lamda value for the regression estimator*/
flamdar=&deltarl*(1-lamdarl)+1;

regrl=lamdarl*&dx12*&regb1+flamdar*&dx02*&regb0;

call symput('lamdarl', lamdarl); call symput('qrl', flamdar); 

call symput('regrl', regrl); run;

/****************************************/
/* calculation of the population total  */
/* estimate                             */
/****************************************/ 

data &outdat(keep=Estclreg Estregrl );

set &outdat; 

Estregrl=&lamdarl*&ywsum1+&qrl*&ywsum0;

Estregrl=estregrl+&regrl*(&totalx-&xwsum0-&xwsum1);

run;

proc delete data=orepinda orepin0 orepin1 desout desout1 desout2 

desout3 desout4 linsh_00 linsh_01; run;

%end; /* end of typoutli=2*/ 

/******************************************************************/
/* Case Three; There are two kinds of outliers, typoutli=3        */
/******************************************************************/
%if (&typoutli=3) %then %do;

data orepin0 orepin1 orepin2;

set orepinda;

if (&outlind=0) then output orepin0;

if (&outlind=-1) then output orepin1;

if (&outlind=1) then output orepin2;

run;

/********************************************************/
/*Calculation of the un-weighted sample characterestics */
/*for inliers and outliers, the sum and the median.     */
/********************************************************/
proc means median sum data=orepin0 noprint;

var &invar &weight; output out=desout (drop=_type_ _freq_)

median=median0 sum=ysum0 sumw0; run;

data _null_; set desout; 

call symput('median0', median0); call symput('sumw0', sumw0); run;

proc means median sum data=orepin1 noprint;

var &invar &weight; output out=desout (drop=_type_ _freq_)

median=median1 sum=ysum1 sumw1; run;

data _null_; set desout;

call symput('median1', median1); call symput('sumw1', sumw1); run;

proc means median sum data=orepin2 noprint;

var &invar &weight; output out=desout (drop=_type_ _freq_)

median=median2 sum=ysum2 sumw2; run;

data _null_; set desout;

call symput('median2', median2); call symput('sumw2', sumw2); run;

/******************************************************/
/* Calculation of the weighted sample characteristics */
/* for the inliers and the outliers.                  */
/******************************************************/
proc means mean sum uss data=orepin0 noprint;

var &invar &auxvar; weight &weight; 

output out=desout1 mean=ywmean0 xwmean0 sum=ywsum0 xwsum0 

uss=ywuss0 xwuss0; run;

Data _null_; set desout1; call symput('ywsum0', ywsum0); 

Call symput('xwsum0', xwsum0); run;

proc means mean sum uss data=orepin1 noprint;

var &invar &auxvar; weight &weight;  /*weighted sample characters for &outlinds=-1*/
output out=desout2 mean=ywmean1 xwmean1 sum=ywsum1 xwsum1

uss=ywuss1 xwuss1; run;

Data _null_; set desout2; call symput('ywsum1', ywsum1); 

Call symput('xwsum1', xwsum1); run;

proc means mean sum uss data=orepin2 noprint;

var &invar &auxvar; weight &weight;  /*weighted sample characters for &outlinds=1*/
output out=desout3 mean=ywmean2 xwmean2 sum=ywsum2 xwsum2

uss=ywuss2 xwuss2; run;

Data _null_; set desout3; call symput('ywsum2', ywsum2); 

Call symput('xwsum2', xwsum2); run;

/******************************************************/
/* Calculation of the parameters delta1 and delta2    */
/* Empirical estimates are calculated if outside      */
/* information is available.                          */
/******************************************************/
data _null_;

set desout1; set desout2; set desout3;

if (&median0 ne 0) then do;

u21=sqrt((&median1*ywmean1)/(&median0*ywmean0)); /*sample based estimate*/
u22=sqrt((&median2*ywmean2)/(&median0*ywmean0)); /*sample based estimate*/
end;

else if (&median0=0) then do;

u21=sqrt((&median1*ywmean1))/ywmean0;

u22=sqrt((&median2*ywmean2))/ywmean0;

end;

deltarl1=u21*&sumw1/&sumw0;

deltarl2=u22*&sumw2/&sumw0;

if (&proport1 not in (0 1 .)) then

deltarl1=u21*&proport1/(1-&proport1);

if (&proport2 not in (0 1 .)) then

deltarl2=u22*&proport2/(1-&proport2);

call symput('deltarl1', deltarl1); 

call symput('deltarl2', deltarl2); 

run;

/******************************************************/
/* Calculation of the regression coefficient for the  */
/* inliers and the outliers                           */
/******************************************************/
%mulreg(indat=orepin0, invar=&invar, auxvar=&auxvar, weight=&weight,

       vfunct=&vfunct0, notes=);

data _null_; set betra (firstobs=2 obs=2); set sigmar; 

call symput('regb0', betra_1); run; 

%mulreg(indat=orepin1, invar=&invar, auxvar=&auxvar, weight=&weight,

       vfunct=&vfunct1, notes=);

data _null_; set betra (firstobs=2 obs=2);

call symput('regb1', betra_1); run; 

%mulreg(indat=orepin2, invar=&invar, auxvar=&auxvar, weight=&weight,

       vfunct=&vfunct1, notes=);

data _null_; set betra (firstobs=2 obs=2);

call symput('regb2', betra_1); run; 

/******************************************************/
/* Calculation of the weighted sample characteristics */
/* for the inliers and the outliers if variance       */
/* functions are specified.                           */
/******************************************************/
%if (%length(&vfunct0) ne 0)&(%length(&vfunct1) ne 0) %then %do;

data orepin0 orepin1 orepin2;

set orepinda;

if (&outlind=0) then do;

&invar=&invar/&vfunct0;

&auxvar=&auxvar/&vfunct0;

output orepin0;

end;

if (&outlind ne 0) then do;

&invar=&invar/&vfunct1;

&auxvar=&auxvar/&vfunct1;

if (&outlind=-1) then 

output orepin1;

if (&outlind=1) then 

output orepin2;

end;

run;

proc means mean sum uss data=orepin0 noprint;

var &invar &auxvar; weight &weight; 

output out=desout1 mean=ywmean0 xwmean0 sum=ywsum0 xwsum0 

uss=ywuss0 xwuss0; run;

proc means mean sum uss data=orepin1 noprint;

var &invar &auxvar; weight &weight;  

output out=desout2 mean=ywmean1 xwmean1 sum=ywsum1 xwsum1

uss=ywuss1 xwuss1; run;

proc means mean sum uss data=orepin2 noprint;

var &invar &auxvar; weight &weight;  

output out=desout3 mean=ywmean2 xwmean2 sum=ywsum2 xwsum2

uss=ywuss2 xwuss2; run;

%end; /*end of vfunct ne 0*/
/******************************************************/
/* Calculation of the delta_x values                  */
/******************************************************/
data _null_;

set desout1; set desout2; set desout3;

dx02=xwuss0/(xwuss0+xwuss1+xwuss2);

dx12=xwuss1/(xwuss0+xwuss1+xwuss2);

dx22=xwuss2/(xwuss0+xwuss1+xwuss2);

trdelta1=&regb1*dx12-&deltarl1*&regb0*dx02;

trdelta2=&regb2*dx22-&deltarl2*&regb0*dx02;

call symput('dx12', dx12);

call symput('dx02', dx02);

call symput('dx22', dx22);

call symput('trdelta1', trdelta1);

call symput('trdelta2', trdelta2);

run;

data &outdat(keep=Estclreg Estregrl);

set &outdat; 

set desout1; set desout2; set desout3;

a11=ywuss1-&trdelta1**2*(xwuss0+xwuss1+xwuss2)+&deltarl1**2*ywuss0;

a12=&deltarl1*&deltarl2*ywuss0-&trdelta1*&trdelta2*(xwuss0+xwuss1+xwuss2);

a22=ywuss2-&trdelta2**2*(xwuss0+xwuss1+xwuss2)+&deltarl2**2*ywuss0;

b1=(&deltarl1+&deltarl2+1)*(&dx02*&regb0*&trdelta1*(xwuss0+xwuss1+xwuss2)+&deltarl1*ywuss0);

b2=(&deltarl1+&deltarl2+1)*(&dx02*&regb0*&trdelta2*(xwuss0+xwuss1+xwuss2)+&deltarl2*ywuss0);

fenmu=a11*a22-a12**2;

lamdar1=(b1*a22-b2*a12)/fenmu;

lamdar2=(b2*a11-b1*a12)/fenmu;

flamdar=&deltarl1*(1-lamdar1)+&deltarl2*(1-lamdar2)+1;

regcoef=lamdar1*&dx12*&regb1+flamdar*&dx02*&regb0+lamdar2*&dx22*&regb2;

Estregrl=lamdar1*&ywsum1+flamdar*&ywsum0+lamdar2*&ywsum2;

Estregrl=Estregrl+regcoef*(&totalx-&xwsum0-&xwsum1-&xwsum2);

run;

proc delete data=orepinda orepin0 orepin1 orepin2 desout1 desout2 desout3; run;

%end; /*end of typoutli=3 */
data &outdat; set &outdat;

Estclreg=Estclreg+&yweit01;

Estregrl=Estregrl+&yweit01;

run;

/*************************************************/
/* Edit-weight: calculation of the regression    */
/* weights for the use of variance estimation.   */
/*************************************************/
%if (%length(&editweit) ne 0) & (&editweit ne 0) %then %do;

/* this part is not finished yet */
%end;

%end; /* end of auxvar ne 0 */
%mend DesBREst01;

4. Program for calculation of model-based outlier robust estimators

This Macro effects the calculation of the model-based outlier robust estimators studied in section 3 of part I.
/******************************************************************/
/* Program name: ModBEst        19 December 2001                  */
/*               Model-Based Robust Estimation                    */
/* Function: Robust estimation of finite population total for     */
/*           some of the model based estimators.                  */
/* Estghsrc:     RC's generalised HS estimator;                   */
/* Estgkbrc:     RC's generalised Kokick and Bell estimator.      */
/* Estregrc:     RC's robust regression estimator;                */
/* Clprdict:     Classical predict estimator (for comparison use) */
/* References: 'Empirical study of some outlier robust estimators'*/
/*              REN and Chmabers, Euredit project report, 2001 )  */  

/* Parameters :                                                   */
/* indat:       input dataset, containing variables invar, auxvar */
/*              and the weighting variable weight.                */
/* psize:       the population size, put 0 when unknown; in this  */
/*              case, the sum of the weight variable over the     */
/*              valid dataset is used as an estimation of psize.  */
/* invar:       list of names of variable of interesting (non-    */
/*              negative), existing in the input dataset (may be  */
/*              vector, seperated by blank, not available for the */
/*              present version).                                 */
/* auxvar:      list of names of auxiliary variable (non-negative)*/
/*              existing in the input dataset (may be vector,     */
/*              seperated by blank, not available for the present */
/*              version).                                         */
/* totalx:      total of the auxiliary variable, could be vector. */
/*              If vector, seperated by blank(not for present ver)*/ 

/* lgtotalx:    the log total of the auxiliary variable, this     */
/*              is needed for constructing estimators based on the*/
/*              log transformed data. Set 0 or blank if unknown.  */
/* weight :     weighting varaible, the sampling weight, existing */
/*              in the input dataset. Left blank if absent.       */
/* outlind:     outlier identification variable, outlind=0 for    */
/*              inliers, outlier=1 for outliers.                  */
/* errorind:    error indicator, errorind=1 for erroneous or missing*/
/*              values, errorind=0 otherwise.                     */ 

/* tuncstkb:    tuning constant for generalised Kokic and Bell    */
/*              estimator, taking values from 2 to 10. The tuning */
/*              function is a one side cut-off funciton.          */
/* tuncstrc:    tuning conatant for Chambers' robust regression   */
/*              estimator, taking values from 2 to 10. The tuning */
/*              function is two side cutoff function.             */ 

/* vfcunt0:     variance function defined by user for  hetero-    */
/* vfcunt1:     sedastic model when calculating the regression    */
/*              estimators.   The in index 0 for inliers and 1    */
/*              for outliers.                                     */
/* backtype:    backtype of weighting system used for log trans-  */
/*              formed data, backtype=0 for (weight-1)*back trans-*/
/*              formed fited value, and backtype=1 for weight*    */
/*              weighted sums. The default value is backtype=0.   */
/* outdat:      user given output dataset name. This dataset      */
/*              contains only the computed population total       */
/*              estimates for different estimators.               */
/******************************************************************/
options mstored sasmstore=sasmacro;

%macro ModBEst(indat=, /* input dataset name (path if it is necessary */
      psize=,    /* population size, put 0 if unknown.                 */ 

      invar=,    /* name of variable of interesting.                   */
      auxvar=,   /* auxiliary variable name.                           */
      totalx=,   /* total of the auxiliary variable.                   */
      lgtotalx=, /* total of the auxiliary variable in log scal.       */        

      weight=,   /* variable of sampling weight.                       */

  tuncstkb=, /* tuning constant for KB estimators, optional.       */
      tuncstrc=, /* tuning constant for RC estimators, optional.       */
      outlind=,  /* name of outlier indicator variable                 */ 


  errorind=, /* error or missing indicator variable                */
      vfunct0=,  /* variance function for the inlier part for          */
                 /* regression estimator, optional.                    */
      vfunct1=,  /* variance function for the outlier part for         */
                 /* regression estimator, optional.                    */

  transfom=, /* data transformation used, for the present version  */

             /* only log transformation is permited.               */ 

      backtype=, /* type of weighting system used for back-transformed */ 


  outdat=)/store;  /* output dataset name, contains the estimates. */
/****************************************************************/
/* Part I: data preparation phases                              */
/****************************************************************/
/*label the effective obseravtions */
%if (%length(&errorind)=0) %then %do;

%if (%length(&transfom)=0) %then %do;

data rayindat (keep=&weight &invar &auxvar &outlind &errorind popsize); set &indat; 

if (&weight ne 1)&(&auxvar ne 0)&(&invar ne 0) then 

popsize=1; else popsize=0;

run; 

%end;

/************************************************************/
/* transform data in log scale, sample size deceases if*/
/* there are cases invar=0 or auxvar=0, only the effective*/ 

/* observations (with invar>0 and auxvar>0 are log transformed.*/
/**************************************************************/
%if (%quote(&transfom)=log) %then %do;

data rayindat(keep=&weight &invar &auxvar &outlind &errorind popsize); set &indat; 

if (&weight ne 1)&(&auxvar ne 0)&(&invar ne 0) then do;  

&invar=log(&invar);      

&auxvar=log(&auxvar); 

popsize=1;

end;

else popsize=0; 

run;

%end;

%end; /*end if there are no errors in the data*/
%else %do;

%if (%length(&transfom)=0) %then %do;

data rayindat (keep=&weight &invar &auxvar &outlind &errorind popsize); set &indat; 

if (&weight ne 1)&(&auxvar ne 0)&(&invar ne 0) then 

popsize=1; else popsize=0;

if &errorind=1 then

&invar=.; 

run; 

%end;

/************************************************************/
/* transform data in log scale, sample size deceases if*/
/* there are cases invar=0 or auxvar=0, only the effective*/ 

/* observations (with invar>0 and auxvar>0 are log transformed.*/
/**************************************************************/
%if (%quote(&transfom)=log) %then %do;

data rayindat(keep=&weight &invar &auxvar &outlind &errorind popsize); set &indat; 

if (&weight ne 1)&(&auxvar ne 0)&(&invar ne 0) then do;  

&invar=log(&invar);      

&auxvar=log(&auxvar); 

popsize=1;

end;

else popsize=0; 

if &errorind=1 then

&invar=.; 

run;

%end;

%end; /*end if there are errors in the data*/
/*******************************************/
/* get estimated effective population size */
/* and the total sample size.              */
/*******************************************/
proc means sum data=rayindat noprint;

var popsize; weight &weight; 

output out=rayout sum=popsize; run;

data _null_; set rayout; call symput('popsize', popsize);  

call symput('tsamsize', _freq_); run;

/*****************************************************************/
/* get the effective sample size (excluding the observations     */
/* which have weight=1 or auxvar=0 or invar=0) and the number    */
/* of outliers in the effective sample.                          */
/*****************************************************************/
proc means sum data=rayindat noprint;

var &outlind; where popsize=1; output out=rayout sum=noutlier; run;

data _null_; set rayout; call symput('mod_size', _freq_);

call symput('noutlier', noutlier); run;

/**************************************************/
/* number of observations with which &weight=1    */
/* or &auxvar=0 or &invar=0.                      */
/**************************************************/
%let zerone=%eval(&tsamsize-&mod_size); 

/************************************************/
/* estimation of the sub-total over the non-    */
/* effective sample in original scale, and the  */
/* sub-population size.                         */
/************************************************/ 

%if (&zerone ne 0) %then %do;

proc means sum sumwgt data=rayindat noprint;

var &invar &auxvar; weight &weight; where popsize=0;

output out=rayout sum=yweit01 xweit01 sumwgt=weight01; run;

data _null_; set rayout; call symput('yweit01', yweit01); 

call symput('xweit01', xweit01);

call symput('weight01', weight01);run;

%end;

%if (&zerone=0) %then %do;

%let yweit01=0; %let xweit01=0;

%let weight01=0; %end;

/******************************************/
/* calculation of the net population size */
/******************************************/
%if (%length(&psize) ne 0) %then %do;

data _null_;

psize=&psize-&weight01;

call symput('psize', psize); run; 

%end;

%else %let psize=&popsize;

/*****************************************************/
/* calculation of the net population total of auxvar */ 

/*****************************************************/
%if (%quote(&totalx) ne 0)&(%length(&totalx) ne 0) %then %do;

data _null_;

totalx=&totalx-&xweit01;

call symput('totalx', totalx); run;

%end;

/***********************************************************/
/* estimation of the net population total if not specified */
/***********************************************************/
%if (%quote(&totalx)=0) | (%length(&totalx)=0) %then %do;

proc means sum data=rayindat noprint;

var &auxvar; weight &weight; where popsize=1;

output out=rayout (drop=_type_ _freq_)

sum=totalx; run; data _null_; set rayout; 

call symput('totalx', totalx); run;

%end;

/********************************************************/
/* calculation of the sub-population total in log scale */
/* for non-effective observations.                      */
/********************************************************/
%if (%length(&transfom) ne 0) %then %do;

%if (&zerone ne 0) %then %do;

data wlogx01 (keep=&weight &auxvar); set rayindat; if popsize=0;

if (&auxvar ne 0) then

&auxvar=log(&auxvar);

else &auxvar=0;

proc means sum data=wlogx01 noprint;

var &auxvar; weight &weight; output out=rayout 

sum=lxweit01; run; 

Data _null_; set rayout;

call symput('lxweit01', lxweit01); run; 

proc delete data=wlogx01; run;

%end;

%if (&zerone=0) %then %let lxweit01=0;

/********************************************************/
/* get the net population total for auxvar in log scale */
/********************************************************/ 

%if (%quote(&lgtotalx) ne 0)&(%length(&lgtotalx) ne 0) %then %do;

data _null_;

lgtotalx=&lgtotalx-&lxweit01;

call symput('lgtotalx', lgtotalx); run;

%end;

%if (%quote(&lgtotalx)=0) | (%length(&lgtotalx)=0) %then %do;

proc means sum data=rayindat noprint;

var &auxvar; weight &weight; where popsize=1; 

output out=rayout (drop=_type_ _freq_)

sum=lgtotalx; run; data _null_; set rayout; 

call symput('lgtotalx', lgtotalx); run;

%end;

%end; /* end of log transform ne 0*/
/**********************************************/
/* split the data into inliers and outliers, */
/* in log scale or in original scale         */ 

/*********************************************/
data rayinda0 rayinda1; set rayindat; if (popsize=1); 

if (&outlind=0) then output rayinda0;

else output rayinda1; run; 

/********************************************/
/*un-weighted sample characters for inliers*/
/* in original scale or in log scale. Error */
/* observations are not included in the sum of */
/* y, but are included in the sum of x since */
/* we suppose that x variable is free from   */
/* any kind of error.                        */  

/********************************************/
proc means sum data=rayinda0 noprint; 

var &invar &auxvar; 

output out=rayout sum=ysum0 xsum0; run;

data _null_; set rayout; 

call symput('ysum0',ysum0); call symput('xsum0',xsum0); run;

/*********************************************/
/* un-weighted sample characters for outliers*/
/* in original scale or in log scale, for use*/
/* in generalised HS estimator.              */
/*********************************************/
%if (&noutlier=0) %then %do;

%let ysum1=0; %let xsum1=0;

%end;

%if (&noutlier ne 0 ) %then %do; 

proc means sum data=rayinda1 noprint;

var &invar &auxvar; 

output out=rayout sum=ysum1 xsum1; run; 

data _null_; set rayout;  

call symput('ysum1', ysum1); call symput('xsum1', xsum1); run; 

/*******************************************************/
/* calculation of the estimated regression coefficient */
/* and the residual variance for the inliers, outliers */
/* and that of the whole data by Calling the macro Mulreg. */
/*******************************************************/
data _regres0; set rayinda0; if &invar ne .;

%Mulreg(indat=_regres0, invar=&invar, auxvar=&auxvar, weight=,

       vfunct=&vfunct0, notes=);

data _null_; set betra (firstobs=2 obs=2); set sigmar; 

call symput('regb0', betra_1); call symput('sigmar0', &invar); run; 

data _null_; set betra (firstobs=1 obs=1);

call symput('alpha0', betra_1); run; 

%if (&noutlier>1) %then %do;

data _regres1; set rayinda1; if &invar ne .;

%Mulreg(indat=_regres1, invar=&invar, auxvar=&auxvar, weight=,

       vfunct=&vfunct1, notes=);

data _null_; set betra (firstobs=2 obs=2); set sigmar; 

call symput('regb1', betra_1); call symput('sigmar1', &invar);run; 

data _null_; set betra (firstobs=1 obs=1); 

call symput('alpha1', betra_1); run; 

proc delete data=_regres1; run;

%end; /* end of noutlier>1*/
/****************************************************/
/* Note:                                            */
/*If there are two kinds of outliers, small and big */
/*then generalised HS estimator will not be good    */
/*because the regression coefficient for the outlier*/
/*part will have no meanings.                       */
/****************************************************/
%if (&noutlier=1) %then %do;

data _null_; set rayinda1; regb1=&invar/&auxvar; alpha1=0; sigmar1=0;

call symput('regb1', regb1); call symput('alpha1', alpha1); 

call symput('sigmar1', sigmar1); run;

%end;

%end; /*end of noutlier ne 0*/
/*********************************************************/
/* calculation of the regression coefficient and the     */
/* residual variance for the classical predict estimator */
/* based on the whole data set.                          */
/*********************************************************/
data _regres; set rayindat; if &invar ne .;

%Mulreg(indat=_regres, invar=&invar, auxvar=&auxvar, weight=, 

        vfunct=&vfunct0, notes=); 

data _null_; set betra (firstobs=2 obs=2); set sigmar; 

call symput('regb', betra_1); call symput('sigmar', &invar); run; 

data _null_; set betra (firstobs=1 obs=1); 

call symput('alpha', betra_1); run;

proc delete data=_regres _regres0 betra sigmar rsquare; run; 

/*enviroment cleaning runing*/
/***********************************************************/
/* Part II: calculation of the classical predict estimator */
/* and the generalised HS estimators.                      */ 

/***********************************************************/
/* Calculation of Ray's lamda for generalised HS estimator */
/***********************************************************/
%if (&noutlier ne 0) %then %do; 

data _null_; 

lamdarc=(&regb1-&regb0)**2*&xsum1+

&sigmar0*(&totalx-&xsum0-&xsum1)/&xsum0;

lamdarc=lamdarc/((&regb1-&regb0)**2+

&sigmar1/&xsum1+&sigmar0/&xsum0);      

call symput('lamdarc', lamdarc); run;

%end;

%if (&noutlier=0) %then %do;

%let lamdarc=0; 

%let regb0=&regb; 

%let sigmar0=&sigmar;

%let alpha0=&alpha;

%let regb1=&regb;

%let sigmar1=1;

%let alpha1=0;

%end; 

/**************************************************/
/* Calculation of the generalised HS estimator    */
/* and the classical predict estimator without    */
/* log transformation.                            */
/**************************************************/
%if (%quote(&transfom)=0) | (%length(&transfom)=0) %then %do;

data &outdat (keep=Clprdreg Estghsrc );

Clprdreg=&ysum0+&ysum1+&yweit01+(&psize-&mod_size)*&alpha+

&regb*(&totalx-&xsum1-&xsum0);

Estghsrc=&ysum0+&ysum1+&yweit01+(&psize-&mod_size)*&alpha0+

&regb0*(&totalx-&xsum1-&xsum0)+

&lamdarc*((&regb1-&regb0));   

run;

%end;

/**************************************************/
/* Calculation of the generalised HS estimator    */
/* and the classical predict estimator with log   */
/* transformation.                                */
/**************************************************/
/* Data preparation for the back transformation,  */
/* the back transformation applies only on the    */
/* effective observations.                        */
/**************************************************/ 

%if (%quote(&transfom)=log) %then %do;

data baktran0; set rayindat; if popsize=1;

if (%length(&vfunct0)=0) then do;

vfunct=1; end;

else if (%length(&vfunct0) ne 0) then do;

vfunct=&vfunct0; /*in log scale, for use of calculation of weight* */ 

end; 

&invar=exp(&invar);

yihutcl=exp(&alpha+&regb*&auxvar+&sigmar*vfunct**2/2);  

yihut=exp(&alpha0+&regb0*&auxvar+&sigmar0*vfunct**2/2); 

auxvar2=(&auxvar/vfunct)**2;  /* in log scale */
run; /*auxvar2 is for use of calculation of weight* */
/*******************************************************/
/* Calculation of the estimator when the log total is  */
/* unknown, in this case the BLUE predicted part of    */
/* the estimator is the (weight-1) weighted sum of the */
/* back transformed fitted values plus the sum of the  */
/* invar in original scale, and the wieghted sum of the*/
/* non-effective observations.                         */
/*******************************************************/
proc means sum data=baktran0 noprint;

var &invar yihutcl yihut auxvar2; 

output out=rayout1 sum=ysum yhutsumc yhutsum xsum2vf; run;

data _null_; set rayout1; call symput('xsum2vf', xsum2vf); run;

/* xsum2vf is in log scal */ 

/******************************************************/
/* Calculate the weighted sum of the back transformed */
/* predicted values on using the sampling weight: the */
/* backtype=0 type estimator.                         */ 

/******************************************************/
proc means sum data=baktran0 noprint;   

var yihutcl yihut; weight &weight;      

output out=rayout2 sum=ytwsumc ytwsum; run;

/***********************************************************/
/* Calculate the estimator on using the weighted sum minus */
/* the sum of the back transformed fitted values as an     */
/* estimate of the sum over all non-sampled part, if the   */
/* frame information is not availabe: the type 0 estimator.*/
/***********************************************************/ 

%if (&backtype ne 1)|(%length(&backtype)=0) %then %do;

data &outdat (keep=Clprdreg Estghsrc);

set rayout1; set rayout2;

Clprdreg=ysum+&yweit01+(ytwsumc-yhutsumc); 

Estghsrc=ysum+&yweit01+(ytwsum-yhutsum)+

exp(&lamdarc*(&regb1-&regb0)/&noutlier);  

run;

%end;

/**************************************************************/
/* Calculation of the estimator when the logtotal is known,   */
/* in this case, the BLUE part of the estimator is calculated */
/* as a weighted sum of the back-transformed fitted values on */
/* using the regression wieghts in the log scale. If the      */
/* logtotal is unknown, using the weighted sum of the log-    */
/* transformed x values on the effective sample, with the     */
/* sampling weights, as an estimate of the unknown logtotal.  */
/**************************************************************/ 

%if (&backtype=1) %then %do;

proc means sum data=baktran0 noprint;

var auxvar2; where (&outlind=0);  /*sum over the inliers for robust estimator */
output out=rayout sum=xsum2vf0; run;

data _null_; set rayout; call symput('xsum2vf0', xsum2vf0); run;

/******************************************************/
/* calculation of the regression weights in log scale */
/******************************************************/
data baktran0 (keep=&invar weitstar weitstcl); set baktran0; 

weitstcl=1+(&auxvar/(vfunct**2*&xsum2vf))*(&lgtotalx-&xsum0-&xsum1);

if (&outlind=0) then

weitstar=1+(&auxvar/(vfunct**2*&xsum2vf0))*(&lgtotalx-&xsum0-&xsum1);

else 

weitstar=1;

run; 

/*********************************************************/
/* Calculate the weighted sum of  the back transformed   */
/* y values on using the regression weights in log scale.*/
/* When the total in log scale of the auxvar is unknown, */
/* a weighted sum on using the sampling weight is used.  */  

/*********************************************************/
proc means sum data=baktran0 noprint;

var weitstcl weitstar; weight &invar;     

output out=rayout sum=ywsumcl ywsumsta; 

run;

data _null_; set rayout; call symput('ywsumsta', ywsumsta); run;

data &outdat(keep=Clprdreg Estghsrc);

set rayout;

Clprdreg=ywsumcl+&yweit01;

Estghsrc=ywsumsta+&yweit01+exp(&lamdarc*(&regb1-&regb0)/&noutlier); 

run;

%end;  /* end of backtype=1*/
proc delete data=baktran0 rayout1 rayout2; run; /*enviro*/
%end;  /* end of transfom=log*/
/*********************************************************/
/* Part III. Calculation of the generalised KB estimator  */
/* and Chambers' robust regression estimator.            */ 

/*********************************************************/
data raykb00;

set rayindat;  

if (%length(&vfunct0)=0) then

vfunct=1;

else vfunct=&vfunct0;

auxvar2=(&auxvar/vfunct)**2; /* in log scale */
if popsize=1;

run; /*auxvar2 is for use of calculation of weight* */
proc means sum data=raykb00 noprint;

var auxvar2; output out=rayout sum=xsumvf2; run;

data _null_; set rayout; call symput('xsumvf2', xsumvf2); run;

/* here xsumvf2 is in original scale */
/***********************************************************/
/* calculate the modified y-observations for GKB and the   */
/* the robustified residuals for RC estimators.            */
/***********************************************************/ 

data raykb00 (keep=krc &invar &auxvar winsrc

               vfunct &weight weitui residui);

set raykb00; 

residui=(&invar-&alpha0-&regb0*&auxvar)/(sqrt(&sigmar0)*vfunct); 

krc=&tuncstkb*sqrt(&auxvar*&sigmar0)+&regb0*&auxvar+&alpha0; 

if (residui<=&tuncstkb) then  

winsrc=&invar;

else if (residui>&tuncstkb) then

winsrc=&invar*(&xsum0+&xsum1)/&totalx+

(1-(&xsum0+&xsum1)/&totalx)*krc; 

weitui=sqrt(&sigmar0)*(&auxvar/vfunct)*(&totalx-(&xsum0+&xsum1))/&xsumvf2; 

if (residui>&tuncstrc) then

residui=&tuncstrc;

if (residui<-&tuncstrc) then

residui=-&tuncstrc; 

run;

/**********************************************/
/* calculate the ratio for the GKB estimator, */
/* in original or log scale.                  */
/**********************************************/
proc means sum data=raykb00 noprint; var winsrc &auxvar;

weight &weight; output out=rayout 

(drop=_type_ _freq_) sum=sumwins sumaux; run;

data _null_; set rayout; ratiogkb=sumwins/sumaux; 

call symput('ratiogkb', ratiogkb); 

call symput('sumaux', sumaux); run;

proc means sum data=raykb00 noprint; var residui;

weight weitui; output out=rayout (drop=_type_ _freq_)

sum=sumresid ; run;

data _null_; set rayout; call symput('sumresid', sumresid); run;

/********************************************************/
/* calculation of the estimators in original scale      */
/********************************************************/
%if (%quote(&transfom)=0) | (%length(&transfom)=0 ) %then %do;

data rayout (keep=Estgkbrc Estregrc);

Estgkbrc=&yweit01+&ratiogkb*&totalx; 

Estregrc=&ysum0+&ysum1+&yweit01+(&psize-&mod_size)*&alpha0+

&regb0*(&totalx-&xsum0-&xsum1)+&sumresid;

run;

data &outdat;

set &outdat; set rayout;

run;

proc delete data=raykb00; run; 

%end;

/********************************************************/
/* calculation of the estimators if log transformation  */
/* is used.                                             */
/********************************************************/
%if (%quote(&transfom)=log) %then %do;

/********************************************************/
/* calaculation of the mean and var of the residu KB for*/
/* back transformation if log transformation is used.   */  

/********************************************************/   

data residukb(keep=&weight residukb); set raykb00;

residukb=(&invar-&ratiogkb*&auxvar)/(&auxvar**0.5);

proc means mean var data=residukb noprint; var residukb; 

weight &weight; output out=rayout mean=meankb var=vresidkb; run;

data _null_; set rayout; call symput('vresidkb', vresidkb);

call symput('meankb', meankb); run;

/********************************************************/
/* the back transformation                              */
/********************************************************/ 

data baktran1; set raykb00;

*yhutkb=exp(&meankb+&ratiogkb*&auxvar+&vresidkb*vfunct**2/2); 

yhutkb=exp(winsrc);

&invar=exp(&invar);

winsrc=exp(winsrc);

yhutrc=exp(&alpha0+&regb0*&auxvar+&sigmar0*vfunct**2/2);

tuncstrc=exp(&tuncstrc*sqrt(&sigmar0))-exp(&sigmar0/2);

tuncstrc=tuncstrc/(exp(&sigmar0/2)*sqrt(exp(&sigmar0)-1));

residui=(&invar-yhutrc)/(yhutrc*sqrt(exp(&sigmar0)-1));

if (residui>tuncstrc) then

residui=tuncstrc; 

if (residui<-tuncstrc) then

residui=-tuncstrc;

run;

proc means sum data=baktran1 noprint;

var &invar yhutkb yhutrc;

output out=rayout1 sum=ysum ysumkb ysumrc; run;

proc means sum data=baktran1 noprint;

var yhutkb yhutrc winsrc; weight &weight; output out=rayout2

sum=ywsumkb ywsumrc sumwins; run;

proc means sum data=baktran1 noprint;

var residui; weight weitui; output out=rayout3

sum=sumresid; run;

/*********************************************************/
/* Ccalculate the estimators when the individual log of  */
/* the auxiliary variable is unknown. In this case, the  */
/* GKB estimator is the weighted sum of the fitted values*/
/* on using the sampling weights, while the RC estimator */
/* is the sum of the y-values in original scale plus the */
/* (weight-1) weighted sum of the fitted values.         */
/*********************************************************/ 

%if (&backtype ne 1)|(%length(&backtype)=0) %then %do;

data rayout (keep=Estgkbrc Estregrc);

set rayout1; set rayout2; set rayout3;

Estgkbrc=&yweit01+ywsumkb;

Estregrc=ysum+&yweit01+(ywsumrc-ysumrc)+sumresid;

run;

data &outdat;

set &outdat; set rayout;

run;

%end;

/**************************************************************/
/* Calculation of the estimator when the logtotal is known,   */
/* in this case, the BLUE part of the estimator is calculated */
/* as a weighted sum of the back-transformed fitted values on */
/* using the regression wieghts in the log scale. If the      */
/* logtotal is unknown, using the weighted sum of the log-    */
/* transformed x values on the effective sample, with the     */
/* sampling weights, as an estimate of the unknown logtotal.  */
/**************************************************************/ 

%if (&backtype=1) %then %do;

data rayout(keep=Estgkbrc Estregrc);

set rayout2; set rayout3;

Estgkbrc=&yweit01+(sumwins/&sumaux)*&lgtotalx;

Estregrc=&ywsumsta+&yweit01+sumresid;

run;

data &outdat;

set &outdat; set rayout; run;

%end; /* end of backtype=1 */
proc delete data=rayout1 rayout2 rayout3 raykb00 

residukb baktran1; run;   

%end; /* end of do transform=log */
proc delete data=rayindat rayinda0 rayinda1 rayout; run;   

%mend ModBEst;

5. Program for calculation of Kokick and Bell’s type II winsorized estimator

This macro effects the calculation of the optimum cut-offs for Kokick and Bell’s type II winsorized estimator.

/******************************************************/
/* Program name: KokBEst         25 August 2001       */
/* Function: Calculation of the optimum cut-off for   */
/*           Kokick and Bell's type II winsorized     */
/*           estimator for stratified sampling and    */
/*           population total estimation of KB type   */
/*           II winsorisation.                        */
/* Parameters:                                        */
/* indat:  input dataset.                             */
/* invar:  variable of interesting, uni-variate       */
/* strind: name of the stratum indicator variable in  */
/*         in the input dataset.                      */ 

/* weight: name of the weight variable, in the input. */
/*outlind: outlier indicator if a procedure of outlier*/
/*         identification is used. In this case, the  */
/*         naive cut-offs are calculated by using     */
/*         only the inliers. If not specified, the    */
/*         naive cut-offs are calculated based on the */
/*         whole dataset.                             */
/* outdat: output dataset containing the stratum total*/
/*         estimate and the number of cutoffs applied,*/
/*         named 'estimkb' and 'numcut', respct.      */
/* steps:  the calculation of the optimum cut-off is a*/
/*         recursive procedure, it begins with a naive*/
/*         cut-off '2*sigma+mean', for each step,     */
/*         type II robust estimated mean and sigma are*/
/*         used for next step's calculation.          */
/* datmar: dataset name containing the statum popsize */
/*         stratum indicator and stratum samsize. If  */
/*         not specified, the stratum popsize will be */
/*         estimated by the sum of weithets.          */  

/******************************************************/
options mstored sasmstore=sasmacro;

%macro KokBest(indat=, invar=, weight=, strind=, 

       outlind=, outdat=, steps=, datmar=, envclean=)/store;

/*************************************************/
/* iner-macro for calculation of the f function  */
/* the input value is got from the sorted data   */
/* of the invar in decending order.              */
/*************************************************/ 

%macro kokicb(indat=, invar=, value=);

%global fkokicb;

data kok_out (keep=fkokicb1 fkokicb2);

set &indat;

fkokicb1=&value*((1+sign(&invar-&value))/2);

fkokicb2=&invar*((1+sign(&invar-&value))/2);

proc means sum data=kok_out noprint; var fkokicb1 fkokicb2;

output out=kok_out (drop=_type_ _freq_) sum=fkokicb1 fkokicb2; run;

data _null_; set kok_out;

fkokicb=fkokicb1-fkokicb2+&value; 

call symput('fkokicb', fkokicb); run;

%mend kokicb; 

/*******************************************/
/*   Part One: data preparation            */
/*******************************************/ 

/*     get the number of stratum           */
/*******************************************/
data kok_in; set &indat; run;

%if (%length(&strind)=0)|(&strind=0) %then %do;

%let nstrat=1; %let strind=kok_stri;

data kok_in; set kok_in; kok_stri=1; run;

%end;

data kokicb_0 (keep=&strind); set kok_in;

proc sort noduplicates data=kokicb_0; by &strind; run;

proc means n data=kokicb_0 noprint;

var &strind; output out=kok_out n=nstrat; run;

data _null_; set kok_out; call symput('nstrat', nstrat); run;

/**************************************************/
/* calculate the strata size 'stsize' and the     */
/* strata sample size 'samsize' if datmar is not  */
/* specified.                                     */
/**************************************************/
%if (%length(&datmar) ne 0)&(&datmar ne 0) %then %do;

data kokicb_1 (keep=&strind kok_size stsize); set &datmar; %end;

%if (%length(&datmar)=0)|(&datmar=0) %then %do;

%do jk1=1 %to &nstrat; /* do jk1 */
data _null_; set kokicb_0 (firstobs=&jk1 obs=&jk1);

call symput('stratind', &strind); run;

proc means n sum data=kok_in noprint; 

var &weight; 

where (&strind=&stratind)&(&weight ne 1);

output out=kok_out (drop=_type_ _freq_) n=kok_size sum=stsize; run;

proc append base=kokicb_1 data=kok_out; run;

%end; /* end of do jk1*/
data Kokicb_1; set kokicb_0; set kokicb_1; run;

%end; /* end of datmar=0 */
/* dataset kokicb_1 contains the stratum size, */
/* stratum samsize and stratum indicator strind*/
/*****************************************************/
/* Part two: the recursive calculation of the optimum */
/* cutoffs and the corresponding population total    */
/* estimate.                                         */
/*****************************************************/ 

/****************************************************/
/* calculate the preliminary robust estimate of the */
/* stratum mean by the type two winsorizing.        */
/****************************************************/
%do kok_step=1 %to &steps;

%do jk2=1 %to &nstrat; /*do jk2 */
data _null_; set kokicb_1 (firstobs=&jk2 obs=&jk2); 

call symput('kok_size', kok_size); call symput('stsize', stsize); 

call symput('stratind', &strind); run;

data kok_stra;

set kok_in; if (&strind=&stratind)&(&weight ne 1); run;

%if (&kok_step=1) %then %do;

%if (%length(&outlind) ne 0)&(&outlind ne 0) %then %do;

proc means mean std data=kok_stra noprint;

var &invar; where (&outlind=0);

output out=kok_out (drop=_type_ _freq_) mean=mean std=std; run;

data _null_; set kok_out; 

if (&kok_size<=25) then
cutofk0=1.75*std+mean;

if (&kok_size>25)&(&kok_size<=50) then
cutofk0=1.80*std+mean;

if (&kok_size>50)&(&kok_size<=100) then
cutofk0=1.85*std+mean;

if (&kok_size>100)&(&kok_size<250) then
cutofk0=1.90*std+mean;

if (&kok_size>250)&(&kok_size<500) then
cutofk0=1.95*std+mean;

if (&kok_size>500)&(&kok_size<=1000) then
cutofk0=1.99*std+mean;

if (&kok_size>1000)&(&kok_size<=2000) then
cutofk0=2.25*std+mean;

if (&kok_size>2000) then
cutofk0=2.5*std+mean;

Call symput('cutofk0',cutofk0); run;

%end;

%if (%length(&outlind)=0)|(&outlind=0) %then %do;

proc means mean std data=kok_stra noprint;

var &invar; output out=kok_out (drop=_type_ _freq_) mean=mean std=std; run;

data _null_; set kok_out;

if (&kok_size<=25) then
cutofk0=1.75*std+mean;

if (&kok_size>25)&(&kok_size<=50) then
cutofk0=1.80*std+mean;

if (&kok_size>50)&(&kok_size<=100) then
cutofk0=1.85*std+mean;

if (&kok_size>100)&(&kok_size<250) then
cutofk0=1.90*std+mean;

if (&kok_size>250)&(&kok_size<500) then
cutofk0=1.95*std+mean;

if (&kok_size>500)&(&kok_size<=1000) then
cutofk0=1.99*std+mean;

if (&kok_size>1000)&(&kok_size<=2000) then
cutofk0=2.25*std+mean;

if (&kok_size>2000) then
cutofk0=2.5*std+mean;

Call symput('cutofk0', cutofk0); run;

%end;

%end; /* end of if kok_step=1*/
%if (&kok_step>1) %then %do;

data _null_; set kok_cutf (firstobs=&jk2 obs=&jk2);

call symput('cutofk0', cutoff); run;

%end;

/***************************************************/ 

/*calculation of the winsorized values for         */
/*producing winsorised estimation of stratum mean, */
/*the winsorsied mean is then used for calculation */
/*of new cutoffs.                                  */
/***************************************************/
data kok_stra; set kok_stra;                   

&invar=&invar*(1-sign(&invar-&cutofk0))/2+(&invar*&kok_size/&stsize+

(1-&kok_size/&stsize)*&cutofk0)*(1+sign(&invar-&cutofk0))/2;

proc means mean data=kok_stra noprint;

var &invar; weight &weight;

output out=kok_out (drop=_type_ _freq_) mean=stmean; run;

data _null_; set kok_out; call symput('stmean', stmean); run;

proc append base=Kokicb_2 data=kok_out; run;

/****************************************************/
/*  calculate the transformed data                  */
/****************************************************/
data kok_stra (keep=&invar stsize kok_size);

set kok_in;

&invar=(&invar-&stmean)*(&stsize/&kok_size-1);

stsize=&stsize; 

kok_size=&kok_size;

if (&strind=&stratind)&(&weight ne 1);

run;

proc append base=kokicb_3 data=kok_stra; run;

%end; /*end of do jk2 */
proc sort data=kokicb_3; by descending &invar; run;

/*******************************************/
/*  calculate the function f               */
/*******************************************/
%let jk3=1;

%let stopc=1;

%do %while (&stopc>0); /* do jk3 */
%if (&jk3 ne 1) %then
%let jk3_1=%eval(&jk3-1);

%else %let jk3_1=1;

data _null_;

set kokicb_3 (firstobs=&jk3_1 obs=&jk3_1);

call symput('yvalue_1', &invar); run;

data _null_;

set kokicb_3 (firstobs=&jk3 obs=&jk3);

call symput('yvalue_2', &invar); run;

%kokicb(indat=kokicb_3, invar=&invar, value=&yvalue_1);

%let fvalue_1=&fkokicb;

%kokicb(indat=kokicb_3, invar=&invar, value=&yvalue_2);

%let fvalue_2=&fkokicb;

%if (%length(&envclean) ne 0)&(&envclean ne 0) %then %do;

%put &fvalue_1 &fvalue_2; 

%end;

data _null_;          

stopc=sign(&fvalue_2); 

call symput('stopc', stopc); run;

%let jk3=%eval(&jk3+1);

%end; /* end of do while stopc>0*/ 

%let lvalue=((&yvalue_2*&fvalue_1-&yvalue_1*&fvalue_2)/(&fvalue_1-&fvalue_2));

data kok_cutf(drop=stmean);

set kokicb_1; set kokicb_2;

cutoff=&lvalue/(stsize/kok_size-1)+stmean; run;

proc delete data=kokicb_2 kokicb_3; run;

%end; /*end of kok_step*/
/***********************************************/
/*Part three: calculation of the stratum total */
/* estimation and the number of times the cut- */
/*off is applied in each stratum.              */
/***********************************************/
%do jk4=1 %to &nstrat;

data _null_; set kok_cutf (firstobs=&jk4 obs=&jk4);

call symput('cutofk0', cutoff); call symput('kok_size', kok_size);

call symput('stsize', stsize); call symput('stratind', &strind);

run;

data kok_stra; set kok_in; if (&strind=&stratind);

if (&weight ne 1) then do; 

&invar=&invar*(1-sign(&invar-&cutofk0))/2+(&invar*&kok_size/&stsize+

(1-&kok_size/&stsize)*&cutofk0)*(1+sign(&invar-&cutofk0))/2;

Numcut=int((1+sign(&invar-&cutofk0))/2);

end;

else do;

&invar=&invar;

Numcut=0;

end;

proc means sum data=kok_stra noprint;

var numcut;

output out=kok_out (drop=_type_ _freq_) sum=numcut; run;

proc means sum data=kok_stra noprint;

var &invar; weight &weight; output out=&outdat (drop=_type_ _freq_)

sum=EstimKB; run;

data &outdat; set kok_out; set &outdat; run;

proc append base=kokicb_4 data=&outdat; run;

%end; /*end of jk4*/
data &outdat(keep=&strind EstimKB Numcut); set kok_cutf; set kokicb_4; run;

proc delete data=Kok_in kok_out kok_cutf kok_stra kokicb_0 kokicb_1 kokicb_4; run;

%mend KokBEst;

6. Program for outlier robust imputation by reverse calibartion

This macro effects the outlier robust imputation by reverse calibration.

/********************************************************/
/* Program Name: outmisim                20 Dec 2001    */
/* Function: Outlier and missing value imputation based */
/*   on reliable estimation of the population total.    */ 

/*   The imputation procedure is in fact an invers      */
/*   calibration: treat the sampling weight as auxiliary*/
/*   variable and the variable of interesting as weight,*/ 

/*   the calibration is aimed to recover the robust     */
/*   estimation of the subpopulation total of the out-  */
/*   liers or the missing values.                       */
/* Parameters:                                          */
/* indat: input data set, containing the variable of    */
/*   interesting, the auxiliary variable if exists, the */
/*   sampling weight, the outlier indicator or missing  */
/*   indicator, the representative indicator for outlier*/
/* Margeout: input dataset containing the robust estima-*/
/*  tion of population total: estrob, and the estimation*/
/*   of sub population total of inliers units: estimsub.*/
/* Margemis: input dataset containing the estimation of */
/*  population total with non-respons effects corrected */
/*  estotal, and the estimation of total of the respon- */
/*  dents estrespn.                                     */
/* invar: name of the variable of interesting.          */
/* axuvar: name of the auxiliary variable if exists, it */
/*         is for the model based method.               */
/* weight: name of the sampling weight varaible.        */
/*         Optional for the model based methods.        */
/* wghtcal: name of the varaible which is served as a   */
/*   calibration weight, taking possitive values, it can*/
/*   be the sampling weight, the auxiliary variable, or */
/*   other possitive variable existing in the input data*/
/*   or it is a possitive funtion of some variables     */
/*   existing in the input data. The default value is 1.*/   

/* inditout: name of outlier indicator variable.        */
/*   inditout=-1 if the unit is a small outlier,        */
/*   inditout=0  if the unit is an inlier,              */
/*   inditout=1  if the unit is a big outlier.          */
/*   inditout=2  if the unit is a non-representative    */
/*               outliers or an errors.                 */
/*   inditout=0 for missing values.                     */
/* typout: types of outliers will be treated. typout=1  */
/*         for treating only oue kind of outliers, in   */
/*         this case the program will not distinguish   */
/*         big or small outliers. typout=2 for treating */
/*         two kind of outliers. If the dataset contains*/
/*         only one kind of outliers, then the program  */
/*        indicat the big and small outliers automaticly*/ 

/* mtype: types of method want to use: mtype='D' for    */
/*        design based method which do not ask auxiliary*/
/*        information. While mtype='M' for model based  */
/*        method which do ask auxiliary information.    */ 

/* probrsp: name of the variable of probabilty of       */
/*        response existing in input, leave blank if no.*/  

/* inditmis: name of missing value indicator variable.  */
/*   inditmis=1 if the unit has a missing value,        */
/*   inditmis=0 otherwise.                              */
/*   inditmis=0 for outlier observations.               */
/* invarim: user given name of the variable with imputed*/
/*   values;                                            */
/* inditimp: indicator variable for imputation,         */
/*   inditimp=1 if varible invarim has an imputed value,*/
/*   inditimp=0 otherwise.                              */
/* outdat: user given name for the output data set, this*/
/*   data set contains all the variables in the input   */
/*   data set and two new variables invarim and inditimp*/
/********************************************************/ 

options mstored sasmstore=sasmacro;

%macro outmisim(indat=, margeout=, margemis=, invar=, auxvar=, vfunct=, 

          totalx=, weight=, wghtcal=, inditout=, typout=, probrsp=,

          inditmis=, mtype=, invarim=, inditimp=, outdat=) /store;

proc delete data=&outdat; run;

/*********************************************************/
/* BLOCK  zero: data preparation                         */
/* Get the number of missing values and the number, type */
/* of outliers.                                          */
/*********************************************************/ 

%if %length(&inditmis) ne 0 %then %do;

proc means n sum data=&indat noprint;

var &inditmis; output out=out_mis n=datsize sum=numiss; run;

data _null_; set out_mis; 

call symput('datsize', datsize);

call symput('numiss', numiss); run;

%end;

%if %length(&inditout) ne 0 %then %do;

data out_mis(keep=&inditout); set &indat;

proc sort data=out_mis noduplicate;

by decending &inditout; run;

proc means n data=out_mis noprint;

var &inditout; output out=out_mis n=typoutli;

where &inditout ne 2; run;

data _null_; set out_mis; call symput('typoutli', typoutli); run;

%end;

/******************************************************/
/* Create a condition indicator for missing values and*/
/*   outliers values.                                 */
/******************************************************/
 %if (%length(&inditmis) ne 0 ) & (%length(&inditout) ne 0) %then %do;

 %macro _indic_0;

 &inditmis=0 & &inditout=0;

 %mend _indic_0;

 %end;

 %if (%length(&inditmis)=0 ) & (%length(&inditout) ne 0) %then %do;

 %macro _indic_0;

 &inditout=0;

 %mend _indic_0;

 %end;

 %if (%length(&inditmis) ne 0 ) & (%length(&inditout)=0) %then %do;

 %macro _indic_0;

 &inditmis=0;

 %mend _indic_0;

 %end;

/*****************************************************/
/* A principle: the subsequent imputation doesn't use*/
/* the previously imputed values.                    */
/*****************************************************/
/************************************************/
/* BLOC ONE: outlier robust imputation          */
/************************************************/
%if %length(&inditout) ne 0 %then %do;

/***********************************************/
/* Module one: Design based methods            */
/* The design based methods are based on the   */
/* design based robust total estimation and    */
/* taking the design weight into accout. This  */
/* method doesn't depend on auxliary information*/
/***********************************************/
%if &mtype='D' | &mtype='Design Based' | &mtype='Design'
| &mtype='DB' | &mtype='d' | &mtype= | &auxvar= %then %do; 

/***********************************************/
/* Part one: no auxiliary variable available   */
/***********************************************/
/* Step one: data preparation.                 */
/***********************************************/
/* get the robust mean based on the inliers.   */
/***********************************************/
proc means mean data=&indat noprint;

var &invar; weight &weight; where %_indic_0;

output out=out_mis mean=robmean; run;

data _null_; set out_mis; 

call symput('robmean', robmean);

run;

/*******************************************************************/ 

/* Case A:                                                         */ 

/* cases where the kind of outliers in the input data corresponds  */
/* to the treatment reqirement. Or there's no repr. outliers atall */ 

/* in this case no special treatment is needed. Or no special need */
/* to treat the outliers differently, typout is not specified.     */  

/*******************************************************************/
%if (&typoutli=3 & &typout=2) | (&typoutli=2 & &typout=1) 

| (&typoutli=1) | (&typout=)  %then %do;

data outmisim; set &indat;

if (&inditout ne 2) then do;

repr_out=&inditout;

nonr_out=0;

end;

else do;

repr_out=0;

nonr_out=1;

end; 

run; 

%end; 

/********************************************************************/
/* Case b: there is only one kind of outliers in the input data and */
/* it is asked to treat the big and small outliers seperately.      */
/*seperate the big and small outliers if asked and if it is the case*/ 

/********************************************************************/
%if &typoutli=2 & &typout=2 %then %do;

data outmisim; set &indat;

nonr_out=0;

repr_out=0;

if &inditout ne 0 then do;

if &invar>&robmean & &inditout ne 2 then 

repr_out=1;

if &invar<&robmean & &inditout ne 2 then
repr_out=-1;

if &inditout=2 then
nonr_out=1;

end; 

run;

data out_mis(keep=repr_out); set outmisim;

proc sort data=out_mis noduplicate;

by decending repr_out; run;

proc means n data=out_mis noprint;

var repr_out; output out=out_mis n=typoutli;

run;

data _null_; set out_mis; call symput('typoutli', typoutli); run;

%end; /*end of typout=2*/
/**********************************************************/
/* Case c:                                                */
/* regroup the two kinds of outliers if it is not asked   */
/* to treat them seperately.                              */
/**********************************************************/
%if &typoutli=3 & &typout=1 %then %do;

data outmisim; set &indat;

if (&inditout ne 2) then do;

repr_out=abs(&inditout);

nonr_out=0;

end;

else do;

repr_out=0;

nonr_out=1;

end; run;

data _null_; call symput('typoutli', 2); run;

%end;

/* verififcation of the existance of non-representative outliers*/ 

proc means sum data=outmisim noprint;

var nonr_out; output out=out_mis sum=num_nonr; run;

data _null_; set out_mis; call symput('num_nonr', num_nonr); run;

/***********************************************************************/
/* Step two: imputation                                                */
/***********************************************************************/
/* CASE ONE: the data set margeout is not specified. In this case the  */
/*   robust mean is used to produce robust estimate of subtotals.      */
/***********************************************************************/
%if %length(&margeout)=0 %then %do;

%put *******************************************************************;

%put * Warning: the data set margeout  for claibration is not specified! *;

%put *******************************************************************;

data outmisim; set outmisim;

wghtcal=&wghtcal;

invar_in=&weight*&invar/wghtcal;

run;

/***********************************************************/
/* case 1a: there is no representative outliers, but there */
/* may be non-representative outliers or errors.           */
/***********************************************************/
%if &typoutli=1 %then %do; 

%if &num_nonr ne 0 %then %do;

proc means sum sumwgt data=outmisim noprint;

var &invar invar_in; weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumwgt=sumwnon; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumwnon', sumwnon);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumwnon', 1);

run;

%end;

data &outdat(drop=wghtcal repr_out nonr_out invar_in);

set outmisim;

&invarim=&invar;

&inditimp=0;

if nonr_out ne 0 then do;

&invarim=&weight*(&sumwnon*&robmean-&suminvan)/(wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

run;

%end; /* end of case 1a */
/***********************************************************/
/* case 1b: there is only one kind of outliers, big or small*/
/* may also including non-representative outliers.         */
/***********************************************************/
%if &typoutli=2 %then %do; 

proc means sum data=outmisim noprint;

var &invar invar_in yrobmean; weight &weight; 

where &inditout not in (0 2);

output out=out_mis sum=suminvar suminvin yrobmean; run;

data _null_; set out_mis; 

call symput('suminva1', suminvar);

call symput('suminvn1', suminvin);

call symput('estimrb1', yrobmean);

run;

%if &num_nonr ne 0 %then %do;

proc means sum sumwgt data=outmisim noprint;

var &invar invar_in; weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumwgt=sumwnon; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumwnon', sumwnon);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumwnon', 1);

run;

%end;

data &outdat(drop=wghtcal repr_out nonr_out invar_in);

set outmisim;

&invarim=&invar;

&inditimp=0;

if repr_out ne 0 then do;

&invarim=&weight*(&estimrb1-&suminva1)/(wghtcal*&suminvn1);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

else if nonr_out ne 0 then do;

&invarim=&weight*(&sumwnon*&robmean-&suminvan)/(wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

run;

%end; /*end of typoutli=2*/
/***********************************************************/
/* case 1c: there are two kinds of outliers, big or small  */
/* may also including non-representative outliers.         */
/***********************************************************/
%if &typoutli=3 %then %do; 

proc means sum data=outmisim noprint;

var &invar invar_in yrobmean; weight &weight; where repr_out=1;

output out=out_mis sum=suminvar suminvin yrobmean; run;

data _null_; set out_mis; 

call symput('suminva1', suminvar);

call symput('suminvn1', suminvin);

call symput('estimrb1', yrobmean);

run;

proc means sum data=outmisim noprint;

var &invar invar_in yrobmean; weight &weight; where repr_out=-1;

output out=out_mis sum=suminvar suminvin yrobmean; run;

data _null_; set out_mis; 

call symput('suminva_', suminvar);

call symput('suminvn_', suminvin);

call symput('estimrb_', yrobmean);

run;

%if &num_nonr ne 0 %then %do;

proc means sum sumwgt data=outmisim noprint;

var &invar invar_in; weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumwgt=sumwnon; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumwnon', sumwnon);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumwnon', 1);

run;

%end;

data &outdat(drop=wghtcal repr_out nonr_out invar_in);

set outmisim;

&invarim=&invar;

&inditimp=0;

if repr_out=1 then do;

&invarim=&weight*(&estimrb1-&suminva1)/(wghtcal*&suminvn1);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

if repr_out=-1 then do;

&invarim=&weight*(&estimrb_-&suminva_)/(wghtcal*&suminvn_);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

if nonr_out=1 then do;

&invarim=&weight*(&sumwnon*&robmean-&suminvan)/(wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

run;

%end; /*end of typoutli=3*/
%end; /*end of &margeout=0 */
/***********************************************************/
/* CASE TWO: the dataset margeout is specified.            */
/***********************************************************/
%if (%length(&margeout) ne 0)  %then %do;

/*get a robust estimate of the sub-total of the outliers*/
data _null_; set &margeout;

estimrob=estimrob-estimsub;

call symput('estimrob', estimrob);

run;

data outmisim; set outmisim;

wghtcal=&wghtcal;

invar_in=&weight*&invar/wghtcal;

run;

/***********************************************************/
/* case 2a: there is no representative outliers, but there */
/* may be non-representative outliers or errors.           */
/***********************************************************/
%if &typoutli=1 %then %do; 

%if &num_nonr ne 0 %then %do;

proc means sum sumwgt data=outmisim noprint;

var &invar invar_in; weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumwgt=sumwnon; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumwnon', sumwnon);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumwnon', 1);

run;

%end;

data &outdat(drop=wghtcal repr_out nonr_out invar_in);

set outmisim;

&invarim=&invar;

&inditimp=0;

if nonr_out ne 0 then do;

&invarim=&weight*(&sumwnon*&robmean-&suminvan)/(wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

run;

%end; /* end of case a */
/***********************************************************/
/* case 2b: there is only one kind of outliers, big or small*/
/* may also including non-representative outliers.         */
/***********************************************************/
%if &typoutli=2 %then %do; 

proc means sum data=outmisim noprint;

var &invar invar_in; weight &weight; where repr_out ne 0;

output out=out_mis sum=suminvar suminvin; run;

data _null_; set out_mis; 

call symput('suminva1', suminvar);

call symput('suminvn1', suminvin);

run;

%if &num_nonr ne 0 %then %do;

proc means sum sumwgt data=outmisim noprint;

var &invar invar_in; weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumwgt=sumwnon; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumwnon', sumwnon);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumwnon', 1);

run;

%end;

data &outdat(drop=wghtcal repr_out nonr_out invar_in);

set outmisim;

&invarim=&invar;

&inditimp=0;

if repr_out ne 0 then do; 

&invarim=&weight*(&estimrob-&suminva1)/(wghtcal*&suminvn1);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

if nonr_out=1 then do;

&invarim=&weight*(&sumwnon*&robmean-&suminvan)/(wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

run;

%end; /* end  of typoutli=2*/
/***********************************************************/
/* case 2c: there are two kinds of outliers, big or small  */
/* may also including non-representative outliers.         */
/***********************************************************/
%if &typoutli=3 %then %do; 

proc means sum sumwgt data=outmisim noprint;

var &invar invar_in; weight &weight; where repr_out=1;

output out=out_mis sum=suminvar suminvin

sumwgt=sumwgt1; run;

data _null_; set out_mis; 

call symput('suminva1', suminvar);

call symput('suminvn1', suminvin);

call symput('sumwgt1', sumwgt1);

run;

proc means sum sumwgt data=outmisim noprint;

var &invar invar_in; weight &weight; where repr_out=-1;

output out=out_mis sum=suminvar suminvin

sumwgt=sumwgt_1; run;

data _null_; set out_mis; 

call symput('suminva_', suminvar);

call symput('suminvn_', suminvin);

call symput('sumwgt_1', sumwgt_1);

run;

%if &num_nonr ne 0 %then %do;

proc means sum sumwgt data=outmisim noprint;

var &invar invar_in; weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumwgt=sumwnon; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumwnon', sumwnon);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumwnon', 1);

run;

%end;

data &outdat(drop=wghtcal repr_out nonr_out invar_in);

set outmisim; &invarim=&invar; &inditimp=0;

if repr_out=1 then do;

&invarim=&weight*(&estimrob*&sumwgt1/(&sumwgt_1+&sumwgt1)-&suminva1)/(wghtcal*&suminvn1);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

if repr_out=-1 then do;

&invarim=&weight*(&estimrob*&sumwgt_1/(&sumwgt_1+&sumwgt1)-&suminva_)/(wghtcal*&suminvn_);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

if nonr_out=1 then do;

&invarim=&weight*(&sumwnon*&robmean-&suminvan)/(wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

&inditimp=1;

end;

run;

%end; /*end of typoutli=3*/
%end; /*end of &margeout ne 0 */
%end; /* end of module one*/
/*******************************************************/
/* MODULE TWO: Model based methods                     */
/* The model based methods use auxiliary variables to  */
/* construct a model, the imputation are based on this */
/* model and the population total estimates are based  */
/* on this constructed model, too.                     */    

/*******************************************************/
%if &mtype='M' | &mtype='Model' | &mtype='Model based' 

| &mtype='MB' | &mtype='m' %then %do;

%if (%length(&auxvar)=0) %then %do;

%put ****************************************************;

%put * Warning: the auxiliary variable is not specified.*;

%put * A design based imputation method will be used.   *; 

%put ****************************************************;

%end; 

/********************************************************/
/* Step one: Data preparation.                          */
/********************************************************/
%if (%length(&auxvar) ne 0) %then %do;

data outmisim; set &indat;

wghtcal=&wghtcal;

if (%length(&vfunct) ne 0) then
vfunct=&vfunct;

else if (%length(&vfunct)=0) then
vfunct=1;

invar_in=&weight*&invar/wghtcal;

run;

data log_data; set &indat;

wghtcal=&wghtcal;

if &invar>0 then 

&invar=log(&invar);

else &invar=.;

if &auxvar>0 then
&auxvar=log(&auxvar);

else &auxvar=.;

if (%length(&vfunct) ne 0) then
vfunct=&vfunct;

else if (%length(&vfunct)=0) then
vfunct=1;

if &invar ne . & &auxvar ne . & vfunct not in (0 .);

if %_indic_0; 

run;

data mulregin; set outmisim; if %_indic_0; if &invar ne .; run;

%mulreg(indat=mulregin, invar=&invar, auxvar=&auxvar, weight=&weight,

        vfunct=vfunct, regwght=, totalx=, popsize=, notes=);

data _null_; set betra (firstobs=1 obs=1);

call symput('alphas', betra_1); run;

data _null_; set betra (firstobs=2 obs=2);

call symput('betras', betra_1); run;

%mulreg(indat=log_data, invar=&invar, auxvar=&auxvar, weight=&weight,

        vfunct=vfunct, regwght=, totalx=, popsize=, notes=);

data _null_; set betra (firstobs=1 obs=1); set sigmar;

call symput('lalphas', betra_1); 

call symput('lsigmar', &invar); run;

data _null_; set betra (firstobs=2 obs=2);

call symput('lbetras', betra_1); run;

data outmisim; set outmisim;

yhut_mlg=&alphas+&betras*&auxvar;

run;

/*******************************************************************/ 

/* Case a:                                                         */ 

/* cases where the kind of outliers in the input data corresponds  */
/* to the treatment reqirement. Or there's no repr. outliers atall */ 

/* in this case no special treatment is needed. Or no special need */
/* to treat the outliers differently, or typout is not specified.  */  

/*******************************************************************/
%if (&typoutli=3 & &typout=2) | (&typoutli=2 & &typout=1) 

| (&typoutli=1) | (&typout=)  %then %do;

data outmisim; set outmisim;

if (&inditout ne 2) then do;

repr_out=&inditout;

nonr_out=0;

end;

else do;

repr_out=0;

nonr_out=1;

end; 

run; 

%end; 

/********************************************************************/
/* Case b: there is only one kind of outliers in the input data and */
/* it is asked to treat the big and small outliers seperately.      */
/* Seperate the big and small outliers if asked and if it is the case.*/ 

/********************************************************************/
%if &typoutli=2 & &typout=2 %then %do;

data outmisim; set outmisim;

repr_out=0;

nonr_out=0;

if &inditout ne 0 then do;

if &invar>yhut_mlg & &inditout ne 2 then 

repr_out=1;

if &invar<yhut_mlg & &inditout ne 2 then
repr_out=-1; 

if &inditout=2 then
nonr_out=1;

end;

data out_mis(keep=repr_out); set outmisim;

proc sort data=out_mis noduplicate;

by decending repr_out; run;

proc means n data=out_mis noprint;

var repr_out; output out=out_mis n=typoutli; run;

data _null_; set out_mis; call symput('typoutli', typoutli); run;

%end;

/**********************************************************/
/* Case c:                                                */
/* regroup the two kinds of outliers if it is not asked   */
/* to treat them seperately.                              */
/**********************************************************/
%if &typoutli=3 & &typout=1 %then %do;

data outmisim; set outmisim;

if (&inditout ne 2) then do;

repr_out=abs(&inditout);

nonr_out=0;

end;

else do;

repr_out=0;

nonr_out=1;

end; run;

data _null_; call symput('typoutli', 2); run;

%end;

/* verififcation of the existance of non-representative outliers*/ 

proc means sum data=outmisim noprint;

var nonr_out; output out=out_mis sum=num_nonr; run;

data _null_; set out_mis; call symput('num_nonr', num_nonr); run;

/******************************************************/
/* Step two: Imputation.                              */
/******************************************************/
/*******************************************************/
/* CASE ONE: the dataset margeout  is not specified. In*/
/*  this case the robust fitted values are used to     */
/*  produce the sub-totals.                            */
/*******************************************************/
%if %length(&margeout)=0 %then %do;

%put ********************************************************************;

%put * Warning: the data set margeout for claibration is not specified! *;

%put * In this case, the robust fitted values will be used to produce   *;

%put * an estimate of the sub-total of the outliers.                    *; 

%put ********************************************************************;

/********************************************************************/
/* Case 1a: there is no representative outliers, but there may be   */
/*          non-representative outliers or errors.                  */
/********************************************************************/
%if  &typoutli=1 %then %do;

%if &num_nonr ne 0 %then %do;

proc means sum data=outmisim noprint;

var &invar invar_in yhut_mlg; 

weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumauxvn; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumauxvn', sumauxvn);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumauxvn', 1);

run;

%end;

data &outdat(drop=wghtcal vfunct repr_out nonr_out invar_in yhut_mlg);

set outmisim;

&invarim=&invar;

regimpt=&invar;

lregimpt=&invar; 

&inditimp=0;

if nonr_out ne 0 then do;

&invarim=&weight*(&sumauxvn-&suminvan)/(&wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

regimpt=&alphas+&auxvar*&betras; 

if regimpt<0 then regimpt=0; /* ????????????????*/
if &auxvar>0 then
lregimpt=exp(&lalphas+log(&auxvar)*(&lbetras+&lsigmar/2));

else if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end; 

run;

%end; /*end of typoutli=1*/
/********************************************************************/
/* Case 1b: there is only one kind of outliers, there may also be   */
/*          non-representative outliers or errors.                  */
/********************************************************************/
%if &typoutli=2 %then %do; 

proc means sum data=outmisim noprint;

var &invar yhut_mlg invar_in; weight &weight; where repr_out ne 0;

output out=out_mis sum=suminvar sumauxv suminvin; run;

data _null_; set out_mis;

call symput('suminva1', suminvar);

call symput('sumauxv1', sumauxv);

call symput('suminvw1', suminvin);

run;

%if &num_nonr ne 0 %then %do;

proc means sum data=outmisim noprint;

var &invar invar_in yhut_mlg; 

weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumauxvn; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumauxvn', sumauxvn);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumauxvn', 1);

run;

%end;

data &outdat(drop=wghtcal vfunct repr_out nonr_out invar_in yhut_mlg);

set outmisim;

&invarim=&invar;

regimpt=&invar;  

lregimpt=&invar;

&inditimp=0;

if repr_out ne 0 then do;

&invarim=&invar*(1-&weight*(&suminva1-&sumauxv1)/(wghtcal*&suminvw1));

regimpt=&alphas+&auxvar*&betras; 

if regimpt<0 then regimpt=0; /* ????????????????*/
if &auxvar>0 then
lregimpt=exp(&lalphas+log(&auxvar)*(&lbetras+&lsigmar/2));

else if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end;

else if nonr_out ne 0 then do;

&invarim=&weight*(&sumauxvn-&suminvan)/(&wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

regimpt=&alphas+&auxvar*&betras; 

if &auxvar>0 then
lregimpt=exp(&lalphas+log(&auxvar)*(&lbetras+&lsigmar/2));

else if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end; 

run;

%end; /*end of typoutli=2*/
/********************************************************************/
/* Case 1c: there are two kinds of outliers, there may also be non- */
/*          representative outliers or errors.                      */ 

/********************************************************************/
%if &typoutli=3 %then %do; 

proc means sum data=outmisim noprint;

var &invar yhut_mlg invar_in; weight &weight; where repr_out=1;

output out=out_mis sum=suminvar sumauxv suminvin; run;

data _null_; set out_mis;

call symput('suminva1', suminvar);

call symput('sumauxv1', sumauxv);

call symput('suminvw1', suminvin);

run;

proc means sum data=outmisim noprint;

var &invar yhut_mlg invar_in; weight &weight; where repr_out=-1;

output out=out_mis sum=suminvar sumauxv suminvin; run;

data _null_; set out_mis;

call symput('suminva_', suminvar);

call symput('sumauxv_', sumauxv);

call symput('suminvw_', suminvin);

run;

%if &num_nonr ne 0 %then %do;

proc means sum data=outmisim noprint;

var &invar invar_in yhut_mlg; 

weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumauxvn; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumauxvn', sumauxvn);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumauxvn', 1);

run;

%end;

data &outdat(drop=wghtcal vfunct repr_out nonr_out invar_in yhut_mlg);

set outmisim;

&invarim=&invar;

regimpt=&invar;  

lregimpt=&invar;

&inditimp=0;

if repr_out ne 0 then do;

if repr_out=1 then do;

&invarim=&invar*(1-&weight*(&suminva1-&sumauxv1)/(wghtcal*&suminvw1));

end;

if repr_out=-1 then do;

&invarim=&invar*(1-&weight*(&suminva_-&sumauxv_)/(wghtcal*&suminvw_));

end;

regimpt=&alphas+&auxvar*&betras; 

if regimpt<0 then regimpt=0; /* ????????????????*/
if &auxvar>0 then
lregimpt=exp(&lalphas+log(&auxvar)*(&lbetras+&lsigmar/2));

else if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end;

else if nonr_out=1 then do;

&invarim=&weight*(&sumauxvn-&suminvan)/(&wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

regimpt=&alphas+&auxvar*&betras; 

if &auxvar>0 then
lregimpt=exp(&lalphas+log(&auxvar)*(&lbetras+&lsigmar/2));

else if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end; 

run;

%end; /* end of typoutli=3*/
%end; /* end of margeout  not specified */
/********************************************************/
/* CASE TWO: the dataset margeout is specified.         */
/********************************************************/
%if %length(&margeout) ne 0 %then %do;

data _null_; set &margeout;

estimrob=estimrob-estimsub;

call symput('estimrob', estimrob);

run;

/********************************************************************/
/* Case 2a: there is no representative outliers, but there may be   */
/*          non-representative outliers.                            */
/********************************************************************/
%if  &typoutli=1 %then %do;

%if &num_nonr ne 0 %then %do;

proc means sum data=outmisim noprint;

var &invar invar_in yhut_mlg; 

weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumauxvn; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumauxvn', sumauxvn);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumauxvn', 1);

run;

%end;

data &outdat(drop=wghtcal vfunct repr_out nonr_out invar_in yhut_mlg);

set outmisim;

&invarim=&invar;

regimpt=&invar;  

lregimpt=&invar;

&inditimp=0;

if nonr_out ne 0 then do;

&invarim=&weight*(&sumauxvn-&suminvan)/(&wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

regimpt=&alphas+&auxvar*&betras; 

if regimpt<0 then regimpt=0; /* ????????????????*/
if &auxvar>0 then
lregimpt=exp(&lalphas+log(&auxvar)*(&lbetras+&lsigmar/2));

else if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end; 

run;

%end; /*end of typoutli=1*/
/********************************************************************/
/* Case 2b: there is only one kind of outliers, there may also be   */
/*          non-representative outliers or errors.                  */
/********************************************************************/
%if &typoutli=2 %then %do; 

proc means sum data=outmisim noprint;

var &invar invar_in; weight &weight; where repr_out ne 0;

output out=out_mis sum=suminvar suminvin; run;

data _null_; set out_mis;

call symput('suminva1', suminvar);

call symput('suminvw1', suminvin);

run;

%if &num_nonr ne 0 %then %do;

proc means sum data=outmisim noprint;

var &invar invar_in yhut_mlg; 

weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumauxvn; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumauxvn', sumauxvn);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumauxvn', 1);

run;

%end;

data &outdat(drop=wghtcal vfunct repr_out nonr_out invar_in yhut_mlg);

set outmisim;

&invarim=&invar;

regimpt=&invar; 

lregimpt=&invar; 

&inditimp=0;

if repr_out ne 0 then do;

&invarim=&invar*(1+&weight*(&estimrob-&suminva1)/(wghtcal*&suminvw1));

regimpt=&alphas+&auxvar*&betras;

if regimpt<0 then regimpt=0; /* ????????????????*/
if &auxvar>0 then
lregimpt=exp(&lalphas+log(&auxvar)*(&lbetras+&lsigmar/2));

else if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end;

else if nonr_out ne 0 then do;

&invarim=&weight*(&sumauxvn-&suminvan)/(&wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

regimpt=&alphas+&auxvar*&betras; 

if regimpt<0 then regimpt=0; /* ????????????????*/
if &auxvar>0 then
lregimpt=exp(&lalphas+log(&auxvar)*(&lbetras+&lsigmar/2));

else if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end; 

run;

%end; /*end of typoutli=2*/
/********************************************************************/
/* Case 2c: there are two kinds of outliers, there may also be      */
/*          non-representative outliers or errors.                  */
/********************************************************************/
%if &typoutli=3 %then %do; 

proc means sum data=outmisim noprint;

var &invar yhut_mlg invar_in; weight &weight; where repr_out=1;

output out=out_mis sum=suminvar sumauxva suminvin; run;

data _null_; set out_mis;

call symput('suminva1', suminvar);

call symput('sumaxva1', sumauxva);

call symput('suminvw1', suminvin);

run;

proc means sum data=outmisim noprint;

var &invar yhut_mlg invar_in; weight &weight; where repr_out=-1;

output out=out_mis sum=suminvar sumauxva suminvin; run;

data _null_; set out_mis;

call symput('suminva_', suminvar);

call symput('sumaxva_', sumauxva);

call symput('suminvw_', suminvin);

run;

%if &num_nonr ne 0 %then %do;

proc means sum data=outmisim noprint;

var &invar invar_in yhut_mlg; 

weight &weight;

where nonr_out=1;

output out=out_mis sum=suminvar suminvai sumauxvn; run;

data _null_; set out_mis; 

call symput('suminvan', suminvar);

call symput('suminvai', suminvai);

call symput('sumauxvn', sumauxvn);

run;

%end;

%else %do;

data _null_; 

call symput('suminvan', 1);

call symput('suminvai', 1);

call symput('sumauxvn', 1);

run;

%end;

data &outdat(drop=wghtcal vfunct repr_out nonr_out invar_in yhut_mlg);

set outmisim;

&invarim=&invar;

regimpt=&invar;  

lregimpt=&invar;

&inditimp=0;

if repr_out ne 0 then do;

if repr_out=1 then do;

&invarim=(&estimrob*&sumaxva1/(&sumaxva1+&sumaxva_)-&suminva1)/&suminvw1;

&invarim=&invar*(1+&weight*&invarim/wghtcal);

end;

if repr_out=-1 then do;

&invarim=(&estimrob*&sumaxva_/(&sumaxva1+&sumaxva_)-&suminva_)/&suminvw_;

&invarim=&invar*(1+&weight*&invarim/wghtcal);

end;

regimpt=&alphas+&auxvar*&betras;

if regimpt<0 then regimpt=0; /* ????????????????*/ 

if &auxvar>0 then
lregimpt=exp(&lalphas+log(&auxvar)*(&lbetras+&lsigmar/2));

else if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end;

else if nonr_out=1 then do;

&invarim=&weight*(&sumauxvn-&suminvan)/(&wghtcal*&suminvai);

&invarim=&invar*(1+&invarim);

regimpt=&alphas+&auxvar*&betras; 

if regimpt<0 then regimpt=0; /* ????????????????*/
if &auxvar>0 then
lregimpt=exp(&lalphas+log(&auxvar)*(&lbetras+&lsigmar/2));

else if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end; 

run;

%end; /* end of typoutli=3*/
%end; /* end of margeout  specified */
%end; /* end of auxvar ne 0*/ 

%end; /* end of module two */
%end; /* end of inditout ne 0*/
/*********************************************************************/
/* BLOCK TWO: missing value imputation by invers calibration         */
/*********************************************************************/
/*********************************************************************/
/* MODUL THREE: Imputation for missing values by invers calibration  */
/* Case 0ne: calibration on the mean of the respondents based on a   */
/*           population total estimation and an estimation of the    */
/*           sub-total of the respondents, an estimation of the sub- */
/*           total of the non-respondents is then abtained.          */
/*           Without any auxiliary information.                      */
/*Case Two:  calibration on the fitted values of the non-reppondents */
/*           obtained by fiting the model with the respondents. Still*/
/*           the calibration is on the estimated sub-total of the non*/
/*           respondents.                                            */
/*           With auxiliary information.                             */
/*********************************************************************/
%if %length(&inditmis) ne 0 %then %do;

proc means n sum data=&indat noprint;

var &inditmis; output out=out_mis n=datsize sum=numiss; run;

data _null_; set out_mis; 

call symput('datsize', datsize);

call symput('numiss', numiss);

run;

%if (&numiss ne 0) & (&numiss ne &datsize) %then %do;

/*********************************************************************/ 

/* Case one: no auxilairy information                                */
/*********************************************************************/
%if %length(&auxvar)=0 %then %do; 

/********************************************************************/
/* Increasing the sampling weight to compensate the missing values. */
/* If inditout ne 0 then the input dataset is the output dataset    */
/* after outlier imputation, else the input data is the indat.      */
/********************************************************************/
%if %length(&inditout) ne 0 %then %do;

%if %length(&probrsp) ne 0 %then %do;

data outmisim;

set &outdat;

_weitmis=&weight/&probrsp; 

_weimis1=&weight**2/&wghtcal;

run;

%end; 

%if %length(&probrsp)=0 %then %do;

data outmisim;

set &outdat;

_weitmis=&datsize*&weight/(&datsize-&numiss); 

_weimis1=&weight**2/&wghtcal;

run;

%end; 

%end;

%if %length(&inditout)=0 %then %do;

%if %length(&probrsp) ne 0 %then %do;

data outmisim;

set &indat;

&invarim=&invar;

_weitmis=&weight/&probrsp; 

_weimis1=&weight**2/&wghtcal;

run;

%end; 

%if %length(&probrsp)=0 %then %do;

data outmisim;

set &indat;

&invarim=&invar;

_weitmis=&datsize*&weight/(&datsize-&numiss); 

_weimis1=&weight**2/&wghtcal;

run;

%end; 

%end;

/********************************************************/
/* Calculate the weighted sum of the invar  weighted    */
/* by the midified weight, giving a population total    */
/* estimate corrected for non-reponse.                  */
/********************************************************/ 

proc means mean sum data=outmisim noprint;

var &invarim; weight _weitmis;

output out=out_mis mean=meany sum=estimy;

where %_indic_0;

run;

data _null_; set out_mis; 

call symput('meanty', meany);

call symput('estimty', estimy);

run;

/********************************************************/
/* Calculate the weighted sum of the invar  weighted    */
/* by the original weight, giving the total  estimate   */
/* of the respondents. Note that here the input variable*/
/* is invarim, may have imputed values for outliers. But*/
/* the imputed values are excluded from the calculation.*/ 

/********************************************************/ 

proc means sum data=outmisim noprint;

var &invarim; weight &weight;

output out=out_mis sum=estimy;

where %_indic_0;

run;

data _null_; set out_mis; 

call symput('estimry', estimy);

run;

/******************************************************/
/* Calculate the sum of weight and modified weight for*/
/* the non-respondents.                               */
/******************************************************/ 

proc means sum data=outmisim noprint;

var &weight _weimis1;

output out=out_mis sum=sumwgt sumwgtq;

where &inditmis=1;

run;

data _null_; set out_mis; 

call symput('sumwgt', sumwgt);

call symput('sumwgtq', sumwgtq);

run;

/********************************************************/
/* get the estimated sub-total for the non-respondents. */
/********************************************************/
%if %length(&margemis) ne 0 %then %do;

data _null_; set &margemis;

estnrsp=estotal-estrespn;

call symput('estnrsp', estnrsp);

run;

%end;

%if %length(&margemis)=0 %then %do;

data _null_;

estnrsp=&estimty-&estimry;

call symput('estnrsp', estnrsp);

run;

%end;

data &outdat (drop=_weitmis _weimis1);

set outmisim;

if &inditmis=1 then do;

&invarim=&meanty*(1+&weight*(&estnrsp-

&sumwgt*&meanty)/(&wghtcal*&meanty*&sumwgtq));

&inditimp=1;

end;

run;

%end;/*end of auxvar=0*/
/*********************************************************************/
/* Case Two: with auxiliary information                              */
/* If inditout ne 0 then the input data set is the output dataset    */
/* after outlier imputation, else the input data is the indat.       */
/*********************************************************************/
%if %length(&auxvar) ne 0 %then %do; 

%if %length(&totalx)=0 %then %do;

proc means sum data=&indat noprint;

var &auxvar; weight &weight;

output out=out_mis sum=totalx;

run;

data _null_; set out_mis; 

call symput('totalx', totalx);

run;

%end; /*end of totalx=0*/
/*******************************************************************/
/* Increasing the sampling weight to compensate the missing values */
/*******************************************************************/
%if %length(&inditout) ne 0 %then %do;

%if %length(&probrsp) ne 0 %then %do;

data outmisim;

set &outdat;

prob_rsp=&probrsp;

_weitmis=&weight/&probrsp; 

_weimis1=&weight**2/&wghtcal;

run;

%end; 

%if %length(&probrsp)=0 %then %do;

data outmisim;

set &outdat;

prob_rsp=(&datsize-&numiss)/&datsize;

_weitmis=&weight/prob_rsp; 

_weimis1=&weight**2/&wghtcal;

run;

%end; 

%end;

%if %length(&inditout)=0 %then %do;

%if %length(&probrsp) ne 0 %then %do;

data outmisim;

set &indat;

&invarim=&invar;

regimpt=&invar;

lregimpt=&invar;

prob_rsp=&probrsp;

_weitmis=&weight/&probrsp; 

_weimis1=&weight**2/&wghtcal;

run;

%end; 

%if %length(&probrsp)=0 %then %do;

data outmisim;

set &indat;

&invarim=&invar;

regimpt=&invar;

lregimpt=&invar;

prob_rsp=(&datsize-&numiss)/&datsize;

_weitmis=&weight/prob_rsp; 

_weimis1=&weight**2/&wghtcal;

run;

%end; 

%end;

data _regress; set outmisim; if %_indic_0; if &invarim ne .; run;

%mulreg(indat=_regress, invar=&invarim, auxvar=&auxvar,

   weight=_weitmis, vfunct=&vfunct, regwght=,

    totalx=, popsize=, notes=);

data _null_; set betra (firstobs=1 obs=1);

call symput('alpha', betra_1);

run;

data _null_; set betra (firstobs=2 obs=2);

call symput('betra', betra_1);

run;

proc print data=betra; run;

/******************************************************/
/*regression imputation using log scale model.        */
/******************************************************/ 

data lregress; set outmisim;

&invarim=log(&invarim);

&auxvar=log(&auxvar);

if &auxvar ne 0 then
vfunct=&vfunct;

else vfunct=.;

if &invarim ne . & &auxvar ne . & vfunct not in (0 .);

if %_indic_0; run;

%mulreg(indat=lregress, invar=&invarim, auxvar=&auxvar,

   weight=_weitmis, vfunct=&vfunct, regwght=,

    totalx=, popsize=, notes=);

data _null_; set betra (firstobs=1 obs=1); set sigmar;

call symput('lalpha', betra_1);

call symput('lsigmar', &invarim);

run;

data _null_; set betra (firstobs=2 obs=2);

call symput('lbetra', betra_1);

run;

/********************************************************/
/* Calculate the weighted sum of the invar and auxvar   */
/* weighted by the midified weight.                     */
/********************************************************/ 

proc means sum data=outmisim noprint;

var &invarim &auxvar; weight _weitmis;

output out=out_mis sum=estimy estimx;

where  %_indic_0;

run;

data _null_; set out_mis; 

call symput('estimty', estimy);

call symput('estimtx', estimx); run;

/********************************************************/
/* Calculate the weighted sum of the invar and auxvar   */
/* weighted by the original weight, giving the total    */
/* estimate of the respondents.                         */
/********************************************************/ 

proc means sum data=outmisim noprint;

var &invarim &auxvar; weight &weight;

output out=out_mis sum=estimy estimx;

where  %_indic_0;

run;

data _null_; set out_mis; 

call symput('estimry', estimy);

call symput('estimrx', estimx);

run;

proc means sum data=outmisim noprint;

var &weight _weimis1; weight &auxvar;

output out=out_mis sum=sumwx sumwqx;

where &inditmis=1;

run;

data _null_; set out_mis; 

call symput('sumwnrx', sumwx);

call symput('sumwqnrx', sumwqx); 

run;

proc means sum data=outmisim noprint;

var &weight _weimis1;

output out=out_mis sum=sumwgt sumwgtq;

where &inditmis=1;

run;

data _null_; set out_mis; 

call symput('sumwgt', sumwgt);

call symput('sumwgtq', sumwgtq);

run;

/*******************************************************

%if &mtype='D' | &mtype='Design Based' | &mtype='Design'

| &mtype='DB' | &mtype='d' | &mtype=  %then %do; 

********************************************************/
data _null_;

estotal =&estimty+&betra*(&totalx-&estimtx);

estrespn =&estimry+&betra*(&totalx-&estimrx-&sumwnrx);

estnrsp=estotal-estrespn; /*estimated sub-total of the non-respondents */
call symput('estnrsp', estnrsp);

run;

/**********************************************************/
/* Need the individual values of the auxvar for the no    */
/* sampled part.                                          */
/**********************************************************/
/********************************************************** 

%if &mtype='M' | &mtype='Model' | &mtype='Model based' 

| &mtype='MB' | &mtype='m' %then %do;                  

data out_mis;                                          

 set outmisim;                                          

 x_prob=prob_rsp*&auxvar;                               

 proc means sum data=out_mis noprint;  

 var x_prob;                                            

 output out=out_mis0 sum=sumxr_p;    run;   

proc means sum data=out_mis noprint;

var x_prob; weight &weight;

output out=out_mis1 sum=sumxwr_p;

run;

proc means sum data=out_mis noprint;

var &auxvar;

output out=out_mis2 sum=sumxnr;

where &inditmis=1; run;

data _null_; set out_mis0; set out_mis1; set out_mis2;

estnrsp =&betra*(&totalx-sumxnr-sumxwr_p+sumxr_p); 

call symput('estnrsp', estnrsp); run;

%end;

*********************************************************/
data &outdat (drop=_weitmis _weimis1 prob_rsp);

set outmisim;

if &inditmis=1 then do;

&invarim=(&alpha+&betra*&auxvar)*(1+&weight*(&estnrsp-

&sumwgt*&alpha-&betra*&sumwnrx)/(&wghtcal*(&sumwgtq*&alpha+&betra*&sumwqnrx)));

/*&invarim=&betra*&auxvar*(1+&weight*(&estnrsp-

&betra*&sumwnrx)/(&wghtcal*&betra*&sumwqnrx));*/
if &invarim<0 then &invarim=0;  /*?????????????*/
regimpt=&alpha+&auxvar*&betra;

*regimpt=&auxvar*&betra;
if regimpt<0 then regimpt=0; /*????????????????*/
if &auxvar>0 then
lregimpt=exp(&lalpha+log(&auxvar)*(&lbetra+&lsigmar/2));

if &auxvar<=0 then lregimpt=0;

&inditimp=1;

end;

run;

%end;/*end of auxvar ne 0*/
%end; /* end of numiss ne 0*/
%end; /*end of inditmis ne 0*/
/*end of modul three*/
*proc delete data=mulregin outmisim out_mis; run;

%mend outmisim;
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