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Abstract

A spatial analysis has been undertaken to investigate settlement-average
integrated thyroidal activities of 1311 in Belarus and Ukraine. The data for
the 903 settlements in the both countries are processed, harmonized,
and analyzed. The spatial interpolation procedure has been developed
and validated through a feasibility study with data on !37Cs ground
deposition densities. It is shown that the developed procedure can
successfully compensate for a preferential sampling bias evident in the
Belarusian part of the data. A spatial trend is estimated by a local spatial
regression technique and residuals are interpolated using ordinary
kriging procedure. The developed technique is applied to 1247
settlements in Belarus and Ukraine, which have no measurement data
on 131] thyroidal activity, and estimations are made for the means and
standard deviations of the settlement-average 13! integrated activity. The
developed prediction technique has a potential to increase a number of
settlements included in a population-based studies of childhood thyroid

cancer after the Chernobyl accident.
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INTRODUCTION

The present paper continues an analysis of statistical properties of a spatial
distribution of the settlement-average thyroid doses to the members of public in
Belarus and Ukraine after the Chernobyl accident. The purpose of the spatial
interpolation of these thyroid doses (or relevant dosimetric quantities) is to expand a
scope of the population-based study of the childhood thyroid cancer in Belarus and
Ukraine after the Chernobyl accident.

The best available estimates of the thyroid doses are based on results of direct
measurements of 13!] thyroidal content, which took place in May-June 1986 in both
countries. Such dose estimates are referred in the paper as “measured” ones. The
population-based risk assessment study deals with “measured” thyroid doses,
which are known only in a limited set of settlements. Then, an application of the
spatial statistics techniques to interpolate between the “measured” data has a
potential to provide estimates of the average thyroid doses in the “non-measured”
settlements. The companion paper [1] provides a motivation of the study and
discusses results of a feasibility study for Belarusian data.

The feasibility study was undertaken to investigate capabilities of the
geostatistical techniques for interpolation of the thyroid doses based on direct
measurements of 131] thyroidal content. Namely, the feasibility study dealt with data
137Cs ground deposition instead of the thyroid doses to 13!I. The study included the
Belarusian data as these are known to be measured mostly in highly contaminated
settlements, thus resulting in a biased “measured” sample and leading to a danger
of systematic overestimation bias in the interpolated data.

The feasibility study [1] proved to be successful for Belarusian settlements
located around the Chernobyl power plant and it revealed a deficiency of the
predictions for settlement located in Mogilev oblast and in the northern part of
Gomel oblast. Consequently, only the former, together with the Ukrainian data, are

analyzed in the present paper.
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MATERIALS AND METHODS

Description of the data

Belarus

Based on the results of the feasibility study [1], the settlements from the
South-Eastern part of the Gomel oblast are included in the current study. Defined
as “measured” are 308 settlements with more than 10 individual thyroid
measurements.

Interpolation has been performed not with the average thyroid doses, which
are age-dependent, but rather with a derived quantity — weighted average integrated
thyroidal activity of 1311 — g. This quantity is defined through the following

factorization [2] of the settlement-average thyroid dose for the age a:

D(a) = Cpfla)g (1)
where
Cp = dose-conversion coefficient, Gy kBq-! d-1;
g = weighted average integrated thyroidal activity of 13!I, kBq d;
f(a) = dimensionless average age-dependence of the integrated activity of 131I.

The function f(a) is normalized to sum up to one for ages up to 18 years.

The average age dependence, f(a), is assessed for the Belarus using data on
the individual measurements of 1311 in the thyroid. Typically, the Belarusian
individual measurements data bear no gender information. For some individuals
such information can be derived or implied from the last name, however, for a
significant part of the measured individuals no clue exists to help in determining
the individual’s gender. Therefore, the function f(a) has been derived as a gender-
average for urban and rural settlements, separately [2]. The arithmetic mean (AM)
and standard deviations (SD) of the g along with coordinates of the settlements
have created a data set for spatial interpolation.

As target settlements, i.e. those “non-measured” where prediction are to be
made, 654 settlements have been selected, which located within 30-km range from

any sample (i.e. “measured”) settlement.

Ukraine

Ukrainian individual data were resulted from the factorization procedure [3]

similar to one mentioned above for Belarus. However, some assessment details are
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different than those for Belarusian data. First, the Ukrainian data are gender-

dependent. Then, the meaning of the g is a geometric mean (GM) of the integrated

thyroidal activity of !31I for the reference age-group, which spans from 12 to 14
years. The corresponding uncertainty is represented as a geometric standard
deviation (GSD). Some settlements count less than 10 individual measurements if
the measurement results were regarded as high-quality and reliable.

To use the data for Belarus in Ukraine simultaneously in a spatial analysis it
is necessary to harmonize them. For this, the Ukrainian data have been
recalculated from GM-GSD to AM-SD values. Then, the gender-dependent AM and
SD values have been averaged between genders accounting for the sample sizes of

the gender subgroups:

_ NmGm +Nnfgr
g =
n
2 1 2 2 2 2 2 @
Og = —(nmgm tnggy —ng- + (nm —lom +(ng —l)cf)
n(n —1)
where
g and Gg = gender-independent mean and variance for the total population,
gm and ng = mean and variance of the male sub-group,
gr and G?p = mean and variance of the female sub-group,
Mm,MNyg,N = size of male, female, and total population in a settlement.

Those settlements, where the total number of measured individuals of both
genders exceeded 10, have created Ukrainian part of the sample data set. There are
593 of them. Targets settlements in Ukraine were selected on the basis of
administrative sub-division. This resulted in 563 target settlements in the Ukraine.

Finally, the Belarusian data are re-scaled to fit the definition of the g-values in
Ukrainian data. Namely, the age-dependence function in Belarus has been re-
normalized to be equal to one for the reference age-group. Then, the g-values being
multiplied by the renormalization factor resulted in a data set compatible with the

Ukrainian data.

Spatial distributions of the data points

Spatial distribution of the sample settlements is presented in Fig. 1, which
shows spatial locations and values of the settlement-average 13!1 thyroidal activity

for the reference age group — g. Points in the figure are drawn in rectangular
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coordinates obtained from the geographical ones by special transform based on

Transverse Mercator projection.
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Fig. 1. Sample location map. Distribution of settlement-average 311
thyroidal activity for the reference age group in sample settlements in
Belarus and Ukraine.

From the Fig. 1 one can see that the g-values for Belarusian settlements are
practically missing low values (light blue and blue colors in the picture). Indeed, this
reflects the preferential sampling specific for Belarusian data, i.e. the fact that
thyroid measurement campaign had been conducted in the most contaminated
places based, mainly, on an exposure rate in air. This resulted in apparently biased
sample in Belarus. Ukrainian data do not show evidence of such preferential
sampling (cf. Fig. 2). In the Fig. 2, the probability plots are given for g-values in both
countries separately and in the combined sample.

To derive a tendency from the sample data, a non-standard, combined
procedure for spatial interpolation is developed. At the first stage, an attempt is
made to reconstruct a spatial trend using a technique of local spatial regression on
the sample points. Then, the regression residuals are analyzed and found to be
spatially correlated, and the classical kriging methods are used to predict unknown

values.
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The feasibility study with 137Cs data [1] has shown that the combined
interpolation procedure might work for 131 integrated activity data in Belarus.
Results of the feasibility study demonstrated satisfactory quality of prediction for
the settlements in South-Eastern part of the country. The bias due to preferential
sampling is compensated by the selected trend model. Predicted uncertainties are
validated through extensive cross-validations and found to adequately represent

uncertainties derived from a comparison of the predicted and true values.
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Fig. 2. Probability distributions of settlement-average 13! thyroidal

activity for the reference age group in sample settlements in Belarus and
Ukraine.

REPRESENTATION OF THE DATA

The sample data, {gi :i:1,...,n}, are considered as realizations of a spatial
random process, G(X), in the sample points, X;, located in a two-dimensional
spatial domain. That is, X; is a set of vectors. Because of apparent log-normality,

transformed data, § =In(g), are considered as realizations of a Gaussian spatial

process G =1In(G). The sample data demonstrate both systematic behavior and

random fluctuations, thus the following model of the random process is assumed

G(X) =m(X) +Z(x) =m(x) +Y(X) + ¢, (3)
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where M(X) represents non-stochastic spatial component of the random process

G(X) and called hereafter “trend”; Z(X) is a stochastic part of the process, which

can be separated into correlated and non-correlated components, Y(X) and g,

respectively. Variance of the non-correlated component, var(e) = 12 , is called nugget

in the geostatistical literature and can be interpreted as a combined result of micro-

scale variations and a measurement error.

Trend modeling

Trend modeling has been performed using LOESS method [4]. Two most
important parameters are the span, a, and a degree of regressing polynomials, L.
There exist no unique quantitative recommendations on appropriate selection of
these parameters ([5], p. 437). More details on the trend modeling technique used in
the present study can be found in the companion paper [1].

The Fig. 3 presents the trend model as a contour plot. Presented in the figure
are sample data, also. The trend model is estimated in the areas where the selected
target settlements are located. This is done to avoid any meaningless extrapolation

of the locally defined trend.
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Trend (g) estimation by local regression (span=0.25, degree=1)
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Fig. 3. Estimation of trend by local regression. Points are sample
settlements. Color and size of points represent deciles of sample
distribution.

Modeling of the residuals

Residuals after fitting the sample data by the local trend model are analyzed
using classical geostatistical approach — ordinary kriging (see e.g. [6-11]). The
software used for this purpose are GEOR library [12] and R [13]. The modeling
details can be found in the companion paper [1].

Presented in the Fig. 4 are variograms of the residuals corresponding to the
different trend models. The trend models have different degree of the ‘locality’, i.e.
they differ by the span value. Reduction and stabilization of the variogram sill
demonstrates that trend models spatial variations and leaves spatially correlated

residuals.
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Residual variograms (Loess degree=1)
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Fig. 4. Comparison of the variograms obtained for the trend models of

the first order varying by the span value. Effect of the variogram sill
reduction and stabilization is seen as span decreases.

The residuals are spatially correlated and distributed normally. These

authorize them for the ordinary kriging procedures.

Prediction by kriging

Prediction of the g-values in the target settlements have been done using the
local regression to derive the spatial trend and subsequent ordinary kriging of the
residuals. Details of this technique can be found in [1].

Distributions of the predicted and the sample values are given in Fig. 5. From
the figure one can see that range of the predicted values is less than that of the
sample ones for both countries. This is mainly due to the fact that the local
regression and the kriging are smoothing procedures and they filter out pure
stochastic, non-correlated part of the data variance. This stochastic part is
expressed by the variogram nugget and corresponds to GSD being equal to
approximately 1.5. The nugget is commonly interpreted as a combined effect of

micro-scale spatial variations and measurement errors.
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Fig. 5. Distributions of the predicted and sample values.

In the Fig. 6 one can see a location map of the sample and the predicted
values. Comparison of the map with the sample location map (Fig. 1) reveals that
spatial distributions of the target settlements in Belarus and Ukraine are different.
Namely, a majority of the Belarusian target settlements located outside the area
covered by sample points, i.e. spatial predictions in the Belarus fall mostly in an
extrapolation case. Unlike Belarus, in Ukraine the target points are distributed more

homogeneous between the sample ones, thus these are mostly interpolation cases.
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Fig. 6. Map of predicted and sample data

Uncertainty of the predicted values is expressed by kriging variance. The
kriging variance in a prediction point is bounded between the nugget and the sill.
Therefore, the real uncertainty of the prediction coincides with the kriging variance
if the trend model adequately reproduces local mean value in the given prediction
point. Otherwise, inadequate trend model would introduce unknown systematic
error. Due to this, the whole spatial interpolation technique is adequate within a
certain spatial area, which can be characterized by the range of the variogram.
Correspondingly, kriging variance is also an adequate measure of the prediction

uncertainty within the variogram’s range.

Cross-validation

Cross-validation has been performed using the sample data and a “leaving-
one-out” resampling technique. For this, a point is removed from the sample dataset
and a prediction is made for the removed point based on the rest of the sample. This
procedure is repeated for every sample point and then one can compare the
distributions of the true sample and the predicted sample values.

For comparison purposes, the sample points, where the cross-validation is
taking place, are characterized by minimum distance to any other sample point,

Hin - This criteria is not sufficient to unambiguously distinguish between inter-
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and extrapolation cases, however it still provides some clue for this. Namely, one
can say that the target points with higher H,;, are more likely to fall in
extrapolation case and vice versa.

The true sample and predicted sample data are compared in the Fig. 7. One
can see fairly good agreement between these, however the scatterplot implies
somewhat larger predicted values for the low sample ones, particularly in the range

of the true values less than 3x103 kBq d.

Predicted g, kBq d

10° 10° 10*
True g, kBq d
Fig. 7. Cross-validation results. Comparison of the predicted and the
true sample values. The dashed line represent a case of equality of the
true and the predicted values.
To characterize the cross-validation results in a more quantitative mode the

standardized error is used (see e.g. [11, 12]). The standardized error

_ Y9pred ~ 4true
Ostg =———————
c
assumes a normal distribution for a prediction around the true value, i.e.
dstq < N(0,1). It is shown above (see e.g. Fig. 2) that the sample data are apparently

log-normal. That means that another quantity

* 2
5;td _m +zg —Ingyye =1ngpred —lln s~ 4 @
GK gtrue 2 gired
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has the standard normal distribution (see notation details in [1]). The latter quantity
is plotted against g and Hp i, in the Figs. 8 and 9. The values of standardized

error (4) are plotted as a point cloud in these figures. The solid line represents local
estimate of the mean, while dashed lines correspond to local mean * local standard
deviation. Deviation of the local mean values from the zero line signals an existence
of a bias in the predictions and serves as an indicator of a systematic error. If the
local standard deviations exceed one this means the estimated kriging error does
not represent the real error of the prediction.

The standardized error plotted against the true sample values in the Fig. 8.
This figure illustrates the smoothing effect of the spatial interpolation techniques
mentioned above. Namely, the predicted values apparently underestimate in the
region of the true values more than 3x103 kBq d. On the other hand, the values less

than 3x102 kBq d are overestimated.
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Fig. 8. Cross-validation results. Standardized errors vs. the true sample
values.

One can not reveal any meaningful tendency while comparing the

standardized errors as a function of H,;, (see Fig. 9). This could be a result of

dense location of the sample points and correspondingly low values of the H iy, -
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CONCLUSIONS

The spatial analysis has been performed on the !311 integrated thyroidal
activity data in the Ukrainian and Belarusian settlements. The analysis has shown
that a special, non-standard technique is needed to interpolate between the data
and to account for apparent preferential sampling bias in the Belarusian data.

The data for the both countries are harmonized and found to be consistent to
each other despite of the significant differences in measurement and dose
assessment techniques.

The developed technique is applied to the data, which are based on direct
historical thyroid measurements in 903 settlements, and resulted in the predictions
for the 1247 target settlements. The spatial interpolation procedure allowed to
assess mean values as well as standard deviation of the means.

The uncertainty of the predicted values is bounded between the nugget and
the sill of the residual variogram, therefore uncertainty estimates are safe within
only limited spatial scale, typically within the range of correlation of the sample data
(i.e. range of the residual variogram). Care must be taken while selecting the trend
model to assure: (1) normality of the residuals; (2) stability of the trend; (3) realism
of a prediction of the systematic features seen in the data pattern; (4)
meaningfulness of the prediction uncertainty estimates; (5) reasonable range of the

prediction extrapolations.
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