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ABSTRACT

A statistical analysis was made of the activity concentrations measured in surface and deep soil
samples for natural and anthropogenic yemitting radionuclides. Soil samples were obtained
from 48 different locations in Gilgit, Pakistan covering about 50 km? areas at an average
altitude of 1550 m above sea level. From each location two samples were collected: one from
the top soil (2-6 cm) and another from a depth of 6-10 cm. Four radionuclides including®Ra,
22Th “K and *'Cs were quantified. The data was analyzed using t-test to find out activity
concentration difference between the surface and depth samples. At the surface, the median
activity concentrations were 23.7, 29.1, 4.6 and 115 Bq kg™ for ?®Ra, ®Th, *¥Cs and “K
respectively. For the same radionuclides, the activity concentrations were respectively 25.5,
26.2, 2.9 and 191 Bq kg™ for the depth samples. Principal component analysis (PCA) was
applied to explore patterns within the data. A positive significant correlation was observed
between the radionuclides ?°Ra and #°Th. The data from PCA was further utilized in linear
discriminant analysis (LDA) for the classification of surface and depth samples. LDA classified

surface and depth samples with good predictability.

1. Introduction

Radiation dose to all living organisms on earth
originates mostly from natural radionuclides [1]. These
include “°K and radionuclides from U and *°Th series.
The contribution of anthropogenic radionuclides to total
dose is almost negligible. Uranium, thorium and
potassium are present in earth crust at an average
concentration of 2.7 pg g%, 9-10 pg g'and 1.4 %
respectively [2-4]. Igneous rocks contain relatively higher
amount of uranium (0.03-4.7 pg g*) as compared to
sedimentary rocks (1.5-2.2 %) [5]. The same is true for
thorium and potassium. Classification of rock types is
usually performed by a large number of factors, such as
its physical properties and chemical constituents. Using
instruments, it is now possible to generate a huge dataset
containing a large number of variables. These include
wavelengths, energies, elements, radionuclides etc. It is
difficult to explore patterns inside a large dataset
employing single variables with statistical data analysis
tools. Multivariate methods have evolved with time,
which help explore such datasets. Chemometrics provides
powerful data analysis tools to interpret large data sets.
Elemental contents along with chemometric methods have
been used for the differentiation of healthy and diseased
subjects such as hepatitis-C [6] and cancer patients [7].
Elemental composition has also been extensively
employed in provenance studies [8]. There are several
techniques from pattern recognition realm which facilitate
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this classification. Principal component analysis (PCA) is
the most common method to explore data for this purpose
[9]. Other more sophisticated techniques include
discriminant analysis, cluster analysis, neural networks,
support vector machine etc. [10, 11].

A number of analytical techniques have been used to
collect soil data. In recent years, several pattern
recognition methods have been employed in conjunction
with different analytical techniques to classify soils using
landscape [12], infrared spectrometry [13], radionuclides
[14, 15] etc. Environmental monitoring studies also
generate a large amount of data. The variations in
environmental data include in homogeneity in the matrix
and differences due to different source profiles. Dose
from soil radioactivity depends upon the distribution of
individual radionuclides in soil and their migration
behaviour. The current paper explores the distribution of
natural (*°Ra, #?Th and “K) and man-made (**'Cs)
radionuclides in surface and sub soil of Gilgit.
Multivariate methods have been applied to find out any
differences in the distribution of radionuclides on the
surface and below. This characterization will help to
understand soil properties for ecological, environmental
and agricultural studies.

2. Experimental

In this study, data for 48 soil samples collected from
the surface and at a depth of 6 — 10 cm from Gilgit
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covering 50 km? areas has been used. Gilgit is located at
35°55 N and 74°17 E, at an average altitude of 1,500 m
above sea level with 0.1 million population. The area has
alluvial and lacustrine deposits due to blockage of river
by glacial or landslide debris [16]. From each location,
two samples were collected, mixed, dried in air,
pulverized, sieved, homogenized and stored in plastic
bottles. The sampling procedure and experimental
conditions, in detail, can be found in our previous work
[17].

3.  Results

The activity concentrations (Bq kg™) of ?°Ra, %2Th,
B37Cs and “K in the surface soil [17] have already been
reported. The average activity for *°Ra, >*?Th, **Cs and
K was 25.4, 29.1, 4.6 and 115 Bq kg™ respectively for
surface samples and was respectively 25.8, 35.1, 2.9 and
191 for depth samples. Activity concentrations of all
radionuclides followed log-normal distribution in all
samples except for “°K, which was normally distributed in
depth samples. There were significant positive
correlations between the same radionuclides found in the
surface and depth samples.

4. Discussion

The hypothesis that there is no difference between the
means of paired samples is tested using one sided paired
difference t-test [10]. The difference of activity between
the surface and depth samples has been plotted in
Fig. 1. It shows that most of the activity concentrations
for ?*Ra, ®*Th and *¥Cs are higher in the surface
samples. It was, however, the other way around for K.
The application of paired difference t-test confirms this
prediction at 95% confidence level except for **Ra. There
are two samples (Nos. 8 and 18) having relatively higher
activity concentrations of *®Ra. If these two samples are
removed from the data and the t-test is applied again, it
shows that activity concentration of °*Ra is also
significantly higher in the surface than in the depth
samples.
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Fig. 2: Scores plot showing a distribution of two classes of samples
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PCA decomposes multivariate data into a set of
abstract eigenvectors and an associated set of abstract
eigen values [11, 18, 19]. Each eigen value presents a
portion of the total variation in the data and each
eigenvector is a linear combination of the original
variables. PCA has been applied in this study to explore
patterns within objects and within variables [20]. PCA
was applied on the standardized data because activity
concentrations of different radionuclides were on different
scales. Data was standardized using Z-score [21]. The
data matrix used for PCA was of size (96x4), i.e. 96
samples (48 surface sample + 48 depth samples) and 4
radionuclides. The first three principal components
explained 97% of the total variance. Fig. 2 illustrates
scores plot of second principal component (PC2) against
the third principal component (PC3). The loadings plot,
for the same PCs, is presented in

Fig. 3 reveals ?’Th and *°Ra in positive correlation.
In Fig. 2, the depth samples represented by black solid
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Fig. 3: Loadings plot shows positive correlation between 2?Ra

and #2Th
squares are clearly distinct from the surface samples
represented by red solid circles. In fact, it seems possible
to draw a line between the two groups. If above the line, a
sample will belong to the depth otherwise to the surface.

4.2  Linear Discriminant Analysis (LDA)

A better way to find distribution of samples between
two or more classes is the use of the LDA [21]. It is a
linear method with discriminating character. The method
maximizes the variance between the classes and
minimizes the variance within the classes. It can be
represented by projecting the objects on to a line at right
angles to the discriminating line. It is possible to
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determine the centre of each class along the projection
and if the distance to the centre of class A is greater than
that to class B, the object is placed in class A, and vice
versa. In supervised pattern recognition, the distance of an
object is defined from the centre of a class. Using this
distance the linear discriminant function is calculated as;

fi =(Xa—X8)CagX

)
where Cap is the pooled variance — covariance matrix,
(Na-1)Ca+(Ng-1)Cg
Np+Np -2
( ATB ) )

N A represents the number of objects in class A, and Cp

CaB =

is the variance — covariance matrix for this group with X,

the corresponding centroid. Mahalanobis distance from
the centre of class A is measured as:

diA:\/(Xi ~Xp)CA' (% ~%a) 3)

The predicted class for each object is the one whose
centroid it is closest to the object.

Discriminant analysis was performed on the scores of
PC2 and PC3. The results yielded 95.8 % samples from
the depth as correctly classified and 79.2 % from surface.
This study shows that a combination of PCA and LDA
may be applied to classify or differentiate samples on the
basis of their activity concentrations if any differences
exist in their activity levels.

5. Conclusions

In this study, distribution behaviour of four
radionuclides (***Ra, ***Th, **¥Cs and *°K) was determined
in the surface and deep soil samples. The samples were
collected from the surface and at a depth of 6 - 10 cm
from Gilgit. Principal component analysis revealed a
positive significant correlation between #**Th and **Ra.
The t-test revealed that the levels of activity
concentrations were significantly higher in the surface
than in depth for “°Ra, *?Th and “*'Cs, whereas, the
activity of “°K was higher in depth than in the surface
samples. These differences in activity concentrations at
the surface and at depth were exploited to discriminate
samples as surface or sub surface samples using principal
component analysis and linear discriminant analysis.
Modeling using linear discriminant analysis showed good
predictability for this distribution.
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