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Discussion on From Start to Finish: a Framework for the
Production of Small Area Official Statistics.

Seongho Kim! and Weng Kee Wong?
1Biostatistics Core, Karmanos Cancer Institute, Department of Oncology, School of Medicine,
Wayne State University, Detroit, Ml 48201

2Department of Biostatistics, UCLA School of Public Health, Los Angeles, CA 90095

We focus comments on data transformations. The Box-Cox transformation is a common
data-driven transformation and the one in Eqg. (8) is a generalized version with a shift
parameter “‘c’ that allows for non-positive data. However, the range of the transformed
outcome is restricted to a left truncated domain with a bounded support not covering the
entire range [1]. Thus, the choice of ‘c’ could influence parameter estimation. Two variants
of the Box-Cox transformation that cover the entire range (-0, ©0) are available. One
variant that covers the entire range is proposed by Manly [2]. The other is Bickel and
Doksum’s modification [3] that transforms the original data ;. to |y; + g™ if A # 0 and
log(Jik + ¢) if A = 0 and the transformed response is multiplied by the sign of (Jik + ©).
However, none of them is reliable when there is substantial proportion of zeros in the data.
Such zero-inflated data sets may require different approaches other than data-driven
transformations [4, 5].

During implementations of the data-driven transformations to EDOMEX, it was observed
that the estimates of Gini index are much more sensitive to the transformations than those
for Mean and HCR, but no discussion was given for the underestimated Gini indices. We
performed small simulation studies to investigate the effect of transformations on the
estimate of the Gini index using the two datasets. One concerns simulated annual incomes
and the other is the wage data in the R package | SLR called Wage. Fig. 1 (i)—(ii) plot the
Gini index estimate and the skewness of the transformed data by the power transformation
versus the power parameter ‘a’ in the form of Data? for the simulated data and the wage
data, respectively. Fig. 1 (iii)—(iv) display the same plots with the log transformation
log(Data + c). For the power transformation, the estimate of the Gini index is proportional to
the skewness of the distribution of the transformed data. It is interesting to note that this
relationship is opposite for the log transformation, and the estimates from the log
transformed data are always under-estimated compared to that from the untransformed data.
The implication is that extra caution is required to transform the data for estimating the Gini
index.

We congratulate the authors for their interesting contribution with their in-depth practical guidelines on small area estimation.
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The relationship between the power transformation (Data?) and the Gini index estimate/
skewness in subfigures (i) and (ii), and between the log transformation (log(Data + c)) and
the Gini index estimate/skewness in subfigures (iii) and (iv). The grey vertical lines
represent the cases when a=1 or ¢= 0. The simulated income data, (531, 786, 1363, 2011,
2321, 2435, 3138, 4310, 5137, 5301, 6382, 8204, 10904, 15901, 21261), are used for
subfigures (i) and (iii) and the subfigures (ii) and (iv) are based on the wage data for a group
of 3000 male workers in the Mid-Atlantic region available in the R package I SLR called

Wage.
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