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Abstract : This research uses data rom heavy metal soil monitoring collected in 23 countries and cities across Taiwan
by the Environmental Protection Administration (EPA), Taiwan. Multivariate statistical analysis methods are applied
to investigate the relationships among the variables of the cight major heavy metals, hoping (o find the principal factors
that affeet soil contamination and the contamination tendency in Taiwan. The discussion of relationships among the
cight heavy metals (i.c. chromium (Cr), Ni (nickel), Cu (copper), Zn (zince), Mg (mercury), Cd (cadmium), As (arsenic),
and Pb (lead)) can reflect the difference in the contaminations in affected areas and contamination level assessment
models. The results of the factor analysis show that the principal factors alfecting the contamination mechanism of the
cight heavy metals can be simplified into two : (1) Highly oxidizing pollutants comprised of Cr, Ni, Cu, and Zn. The
loading capacity order from high to low is Cr, Ni, Cu, and Zn, which corresponds to several rules on the periodic
table. (2) The semiconductor potential pollutant factor comprised of Cd, As, and Pb. The factors, cither the transition
metal Cd or the typical elements, As and Pb, all have something to do with the formation ol a compound semiconductor.
The major mechanism for semiconductor formation is the metallic bond. As for the cluster analysis, five clusters are
first divided according to the contamination characteristics. Diseriminant analysis is used (o classify the type of a new
sample with an accuracy as high as 96.87%. This means that the clustering for the cluster analysis is acceptable. The
research findings can serve as reference material for relevant entities in (he planning and application of soil remediation
strategies.
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Introduction pacity, the result is soil contamination. Agricultural pro-

In the last thirty years or so, with the ever growing duction will be impacted and people’s health and lifespan

size and diversity of industrial activities in Taiwan. the
resulling vast volume of waste and pollutants generated,
soil contamination of organic pollutants and heavy metals
in particular. has become a widely recognized cnviron-
mental issuc. Soil plays a fundemental role in Taiwan’s
agricultural cconomy and provides a source for pcople’s
livelihood. Soil can absorb, exchange, oxidize, and retain
matter and therelore, it can help reduce the impact of
pollutants on the environment as it degrades the wasle
generated during a natural cyele. However, when the build-

up of pollutants is beyond the soil’s self-purification ca-

will be threatened. To tackle the aggravating soil con-
tamination problem and conscrve the valuable soil resource,
countrics worldwide have started (o engage in soil inves-

Hgution, contamingtion prevention, and remedial actions.

Multivariatc monitoring methods that consider all avail-
able data simultancously can extract key information about
the relationships and combined effects of air pollutants.
When failures occur in air quality management syslems,
univariate monitoring methods arc often inadequate in iden-
litying causcs because the signal-to-noise ratio is very low

in cachair pollutant measurement. But multivariate moni-
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toring can improve the signal-to-noise ratio through aver-
aging, resulting in a more rcalistic cvaluation ofthe envi-
ronmental context' ™. In the field of chemometrics, mul-
tivariate statistical techniques have become onc of the most
active research tools in modeling and analysis over the
last decade®-®. However, to the authors’ knowledge, only
limited rescarch on the effectivencss of multivariate mod-
els for the assessment and management of air pollution
has been conducted thus far”-®,

The multivariate statistical techniques such as cluster
analysis (CA), factor analysis (FA), principal component
analysis (PCA) and discriminant analysis (DA) have widely
been used as unbiased methods in analysis of water qua-
lity data for drawing meaningful information? 12, The
multivariate treatment of data is widcly used to characte-
rize and evaluate surface and freshwaler quality and it is
uscful for evidencing temporal and spatial varialions caused
by natural and anthropogenic factors linked to scasona-
lity!3.

This research uscs data [rom heavy metal sotl moni-
toring collected in 23 counties and cities in Taiwan and
applies multivariate statistical analysis methods to investi-
gate the rclationships among the variables of the cight
major heavy metals (i.e. Cr, Ni, Cu, Zn, Hg, Cd, As and
Pb). The goal is to tind the principal factors that affect
soil contamination and the tendency of contamination in
Taiwan. As the discussion of relationships among the cight
major heavy metals can reflect the difference in contami-
nation in affected areas and in contamination level assess-
ment models, the rescarch hopes to help establish an as-
sessment method that best reflects the soil’s heavy metal
contamination in Taiwan and can be used for grading.
The rescarch starts with an analysis ol the characteristics
of soil contamination by the cight heavy metals in 23
counties and cities in Taiwan; the findings are expected to
scrve as reference for relevant soil contamination preven-
tion and for the management authoritics in Taiwan in de-
veloping remediation technologies and administrative
management.

Methodology :

Selection and source of soil's heavy metal data :

The heavy metal data uscd in this research is sourced
from the EPA’s environmental data warechouse system

website in Taiwan (http://edw.epa.gov.tw/topicSoil.aspx).

2
P

The data used in this research was collected during a time
period from January 2013 to December 2015. Any in-
complete or missing data regarding the eight major heavy
metals arc excluded; hence, the number of data entries for
cach of the counties and cities differs. This research uses
a total 6176 data entries, all completed with variable in-
formation on the soil’s heavy metals. Fig. I shows the
location of the 23 counties and cities in Taiwan.

Statistical analysis — factor analysis :

In order to select the clements o be included in the
FA, a mimimum of 70% of the samples nced to have
measurable levels ofan element. In principle, FA actually
groups the clements whose concentrations fluctuate to-
gether from one sample to another and separates these
clements into factors' 7 Factor analysis is used for source
apportionment in environmental data with the argument
that clements that fluctuate together have some common
characteristics. Ideally, cach extracted factor represents a
source atfecting the samples. The factor analysis was con-
ducted with the Statgraphics Plus program package
(Statgraphics Manual 3.1 1997). The initial components
were rotated using the varimax method to obtain final
cigenvectlors with the most representatives of individual
sources of variation. Although there are no well-defined
rules on the number of factors to be retained, usually
cither factors that arc meaningful or factors with eigen-
valucs greater than onc are retained. Tn theory, irrclevant
factors have zero cigenvalues and cigenvalues less than
one indicate that a factor contributes less than a single
variable. The physical mcaning of the factors must be
interpreted by observing which elements or variables dis-
play a high (20.25) loading within the factor. Loadings of
less than 0.25 in absolute value may be dominated by
random errors. There is not a set rule for the selection of
the number of tactors, but in application, the sclected
number of the factors must explain at least 70% of the
total variance. Then the data are screened for outliers
using their factor scores. The magnitude of'a lactor’s (i.c.
source’s) intluence on a specific sample 1s given by the

819 The factor score is the

factor score for that samplc'
number of standard deviations from the mean of that fac-
tor as averaged over all the samples: in other words, it is
the value of the factor. An average contribution from the
factor results in a score of zero, a larger than average

contribution results in a positive scorc and a fower than
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Fig. 1. Map showing the locations of the countics and cities in Taiwan

average contribution results in a negative score. Factor
scores greater than one indicalte a strong influence of that
source or lactor on that individual sample.

Cluster analysis

Cluster analysis is an exploratory data analysis ool
for solving classification problems. Jts objective is to sort
cases into groups. or clusters. so that the degree of asso-
ciation is strong between members of the same cluster
and weak between members ol different clusters. Each
cluster thus describes. in terms of the data collected. the
class to which its members belong; and this description
may be abstracted through use from the particular to the
general class or Lype. Hicerarchical agglomerative cluster-
ing is the most common approach as it provides intuitive

similarity relationships between any one sample and the

entire datasct. Tt is typically illustrated by a dendrogram
(ree diagram)2?. The dendrogram provides a visual sum-
mary of the clustering processes, presenting a picture of
the groups and their proximity. with a dramatic reduction
in dimensionality of the original data. Additionally. ¢lus-
ter analysis helps in grouping objects (cases) into classes
(clusters) on the basis of similarities within a class and
dissimilarities between different classes. The class char-
acteristics are nat known in advance hut may bhe deter-
mined from the analysis. The results of CA help in inter-
preting the data and indicate pullernsz"ﬂ.

Discriminant analysis

Discriminant analysis is used to determine the vari-
ables that diseriminate between two or more naturally

occurring groups. Ttuses raw data to construct a discrimi-

3
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nant function for cach group (Wunderlin ef a/.) as in cq.

(H:

1
1(G)=ki + ) wipy ()
j=1
where / is the number of groups (G), k; is thc constant
inherent to each group, n is the number of purameters
used to classify a sct of data into a given group, W, is the
weight coefficient assigned by DA to a given sclected
parameler (/’/‘)' In this case study, three groups of tempo-
ral (threc scasons) and spatial (three sampling regions)
evaluations have been selected and the number of analyti-
cal paramelers used to assign a measure (rom a monitor-
ing site into a group (season or spatial) has been taken as
n. Discriminant analysis is applied to the raw data by
using the standard, forward stepwise und backward stepwise
modes to construct discriminant functions to evaluate both
the spatial and temporal variations in air quality. The tem-
poral (scason) and the spatial (site) were the grouping
(dependent) variables, while all the measured paramcters
constituted the independent variables.

Results and discussion

Selection of the factor analysis results

In computing the factor analysis, this rescarch uses the
varimax for orthogonal rotation to explain the characteri-

stics of'the factor number. Table 1 shows the results : two

factors have cigenvalues greater than one, and the ex-

Table 2. KMO and Bartlett's test table
Kaiser-Meyer-Olkin measure 0.806
ol sampling adequacy
19490.909
Depree of freedom 28

0.000

Bartlett test Chi-square test

Signiticance

0.806, which is greater than 0.5: according to Kaiscr,
factor analysis is suitable in this case.

Selection of factors :

As mentioned in the previous scction, the number of
cigenvalues greater than one can determine the number of
principal factors. The component matrix of the number of
principal factors after the orthogonal rotation can be used
to select the variables between the factors. Table 3 shows
the component matrix after the orthogonal rotation. The

matrix alter rotation explains the characteristics of lhe

Table 3. Factor louding matrix for the cight heavy metals

Components Faclors
| 2

Cr (chromiunm) 0.871 0.077
Ni (nickel) 0.864 0.205
Cu (copper) 0.845 0.014
Zn (zinc) 0.813 0.308
g (mercury) 0.26] -0.080
Cd (cadmium) 0.193 0.747
As (arsenic) -0.269 0.736
Pb (leud) 0.432 0.525

Table 1. Results of factor analysis and the variance explained for
the eight heavy metal variances

Components Tnitial % of total Cumulative
cigenvalucs variance variance (M)
| 3.470 43371 43.371
2 1.301 16.263 59.634
3 0.966 12.077 71711
4 0.758 9.479 S1.190
5 0.671 8.386 89.576
6 0.357 4.460 94.036
7 0.295 3.692 07.728
8 0.182 2.272

100.000

plained, accumulative variance of the two common fac-
tors is 59.634%. The eigenvalues of the common factors
are 3.470 and 1.301. As shown in Table 2. the KMO

(Kaiser-Meyer-Olkin mcasure of sampling adequacy) is

4

two tactors, which can be used to describe the major causes

affecting the quality of heavy metals in the soil and to

discuss the characteristics and differences ol the factors.
Explanation of the factors

Table 3 shows that there are two principal factors af-
fecting the quality and characteristics of the soil’s heavy
metals. The three-dimensional distribution diagram (shown
in Fig. 2) of the major lactors that alTeet the quality of the
soil’s heavy metals indicates that there are two axes; Cr,
Ni, Cu and 2n fall on one axis and arc classitied under
Factor 1 Cd, As. and Pb are categorized as Faclor 2 and
they fall on the other axis. Despite falling on an axis of'its
own, mercury has an unapparent cigenvalue (lower than
[) so that it is not explained in this research. The follow-
ing provides complete information on the characteristics

of the two factors.
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Fig. 2. Three-dimenstonal distribution ol factor analyse for soil 8

heavy melals.

(i) Factor 1 :

As shown in Table 3, Factor [ is compriscd of four
variables including Cr, Ni, Cu, and Zn; their total vari-
ance can reach 43.371%, as shown in Table 1. Tts impact
can take up almost half of the explanation for the soil’s
cumulative variance. The factor represents the tour heavy
metals commonly found as contaminants in soil. When
they are in the oxidation state, they are highly oxidized.
can affect soil quality, and furthermore, threaten the sur-
rounding environmental agents, such as the ground sur-
face, underground water, air, or even the human body.
As a result, what makes up the factor can be referred to as
a “highly oxidizing polhution factor™.

(i) Factor 2 :

Tablc 3 shows that Factor 2 is made up of three vari-
ables : cadmium, arscnic, and lead; Tablc 1 shows its
total variance is 16.273%. The three hcavy metals arc
cither transition metal Cd or the typical elements. As and
Pb, and have something to do with the formation ol the
compound semiconductor. The key mechanism of'the semi-
conductor formation is the meltallic bond. The formation
of the compounds of these heavy metals can seriously
contaminate and impact the environment and agents. There-
fore, it can be referred to as the “semiconductor potential
pollution lactor”.

Analysis of the properties of the eight major heavy
metal soil pollutants—cluster analvsis :

A two-phase clustering process is used. First. hierar-
chical clustering is used for general clustering: then, the
K-mean method is used to test the cluster numbers. Fi-
nally, five clusters arc used to categorize the characteris-
tics of the eight heavy metal contaminants. Fig. 3 shows

the rclationship between the clusters and the factors. Morce-
over, Table 4 provides a glance at the representativencss
and percentage of the clusters in the 23 counties and cit-
ies. Tt also shows the cluster propertics of the heavy met-
als in the counties and cities.

(1) Cluster i :

As shown in Fig. 3, Factor 17s (highly oxidizing pol-
lution factor) scorc for Cluster | is the fourth highest
among the clusters while Factor 2’s (semiconductor po-
tential pollution factor) score is the third highest; thal is.
the distribution concentration of this cluster of metals is
not high. Tn general, the concentration levels of the met-
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Fig. 3. Relations between the clusters und lactors.

als in this cluster indicate low levels of contamination,
which can be proven by the factors’ scores. Although this
cluster does not have as high levels of contamination as
the others, under soil contamination regulations, there is
stll a large volume of soil considered to have been con-
taminated. Generally speaking, the soil samples in this
cluster mainly come from central Taiwan; then, from north-
crn Taiwan. Except for Kaohsiung County, comparatively
fewer soil samples in this cluster are from southern Tai-
wan. Since the concentration level of the cluster is lower
in Factor 1, this cluster can be referred to as the “low-
concentration, highly oxidized cluster”.

(2) Cluster 2

As shown in Fig, 3, Factor |’s (highly oxidizing pol-
lution factor) score for this cluster is the second highest,
while Factor 2’s (semiconductor potential pollution fac-
tor) score is the highest. This means that the distribution
concentration of the cluster is generally higher. Whether

Judged from Factor | or Factor 2 scores. the contamina-

tion levels of metals in this clusterare generally high. The
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Table 4. Representativeness and percentage of the clusters in the 23 counties and citics

Clusters County or City(") Cluster | Cluster 2
Taipei County 30.7% 4.5%
Taipei City 0% 0%
Keelung City 2.7% 0%
Yilan County 0% 0%
Taoyuan County 23.4% 3.8%
Hsinchu County 0% 0%
Hsinchu City 48.1% 20.9%
Miaoli County 16.2% 0%
Taichung County 46.6% 8.1%
Taichung City 18.9% 0.7%
Nantou County 0% 0%
Changhua County 66.8% 10.4%
Yuntin County 0% 0%
Jiayi County 0% 0%
Jiayi City 0% 1.7%
Tainan County 10.3% 1.1%
Tainan City 16.7% 1.5%
Kaohsiung County 26.8% 3.3%
Kaohsiung City 1.8% 0%
Pingtung County 7.6% 0%
Hualian County 0% 0%
Taitung County 0% 0%
Penghu County 0% 0%
Number of the soil data entries 1522 372

Characleristics of Based on the

cach cluster data of’ data of the
Changhua County

pollution

Buased on the

seeond factor

Cluster 3 Cluster 4 Cluster 5
6.3% 1.1% 57.4%
0% 0% 100%
0% 0% 97.3%
0% 0% 100%
2.8% 0% 68.0%
0o O 100%
0.7% 5.0% 25.3%
2.3% o% S1.5%
13.0% 0% 29.3%
0% 0% 80.4%
0% 0% 100%
5.7% 1.9% 15.2%
0% 0% 100%
% 0% 100%
(2 e 98.3%
7.2% 0.3% S1.1%
12.1% 0% 69.7%
8.7% 0% 61.2%
0% 0% 98.2%
1.5% 0% 90.9%
0% 0% 100%
0% 0% 100%
0% 0% 100%
186 71 4025

Higher levels Based on the Based on the

of the arsenic data of the data of the

concentration in first lactor administrative

Central Taiwan (Hsinchu City) zones with lower

Science Park contamination

(Taichung County) levels

soil samples in this cluster arc from central and northern
Taiwan: however, the percentage of this kind of soil is
not high within the central and northern regions. Offshore
and castern arcas do not have the cluster. It can be con-
cluded that the contamination of soil in this cluster is
caused by local industrial activities. This cluster can be
referred Lo as the “highly contaminated clusler”.

(3) Cluster 3 :

As shown in Fig. 3, the factor (highly oxidizing pollu-
Llion [actor) score of this cluster is the third highest whilc
Factor 2’s (semiconductor potential pollution factor) score
is the sccond highest. This means that the distribution

concentration ol this cluster is relatively higher. Whether

6

judged from Factor 1 or Factor 2’s scores, the conlamina-
tion level or potential contamination of Cluster 3 is higher
than that of Cluster [ and lower than that of Cluster 2.
The soil samples in this cluster arc from a number of
administrative regions across northern, central, and south-
ern Taiwan, with the majority from the central area, where
air pollution in Central Taiwan Science Park is to blame
for the soil contamination. The seven soil heavy metal
concentration levels of the two factors in this cluster arc
lower than thosc in Cluster 2. This cluster can be referred
to as the “intermediately contaminated cluster”.
(4) Cluster 4 :

As shown in Fig. 3, Factor 1's (highly oxidizing pol-
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Table 5. Results of Discriminant Anulysis

Discriminated cluster/

Actual cluster Cluster | Cluster 2 Cluster 3
Cluster | 1463 31 26
Cluster 2 5 366 |
Cluster 3 2 1 183
Cluster 4 0 i |
Cluster 5 59 0 0
Total 1529 405 211

Percentage of accurate

Cluster 4 Cluster 5 discrimination (%)
0 2 (1463/1522)x100=96.12
0 0 (366/372)x100=98.39
0 0 (183/186)=100— 98.39
63 0 (63/71)x100=88.73
0 3966 (3966/4025)x 100 =98.53
63 3968 (6041/6176)x100=97.81

lution factor) score of this cluster is the highest, while
Factor2’s (semiconductor potential pollution factor) score
is the lowest. This means that there is a difference be-
tween the factors. A comparison of Factor 1’s contamina-
tion percentage in Clusters 1, 2 and 4 shows that although
Cluster 4 has the highest levels of Factor | contamination
(with the highest Factor 1 score), the range of contamina-
tion and sites alTected are not as obvious as those in Clus-
ters 1 and 2. As for administrative regions with lower
levels of contamination, such as the offshore islands, Yilan
County, and castern Taiwan, even though the contamina-
tion level of Factor 2 is not apparent, no representative
samples can be collected because the contamination char-
acteristics do not fit those of Factor 1. The cluster can be
referred to as the “high-concentration, highly oxidized
cluster”.

(5) Cluster 5 :

As shown in Fig. 3, Factor 1’s (highly oxidizing pol-
lution factor) score of this cluster is the lowest, while
Factor2’s (scmiconductor potential pollution factor) score
is the sccond lowest (or the fourth highest). This mcans
that the distribution concentration of this cluster is gener-
ally lower. The soil is commonly distributed across
Taiwan's administrative districls, especially in castern and
north-castern arcas and Penghu County, where the popu-
lation is lower and the potential of industrial pollution is
lower. These arcas are therefore less prone to extensive
contammaton. | hiscluster can be referred to as the “low-
concentration contaminated cluster”.

Discriminant analysis :
Discriminant analysis is a method used to objectively
determine the type of a new sample based on the proper-

tics observed and figures collected, given a classification

system. Table 5 shows the discriminant analysis results of

the five clusters.

Table 5 shows the perecentage of accurate discrimina-
tion between the discriminated cluster generated from the
discriminant function and the actual cluster generated from
the cluster analysis. The percentages ot accurate discrimi-
nation of the five clusters are rather high. Cluster 1 reaches
96.12%; Cluster 2 reaches 98.39%; Cluster 3 is 98.39%;
Cluster 4 is 88.73% and Cluster 5 is 98.53%. This mcans
that all five clusters can provide accurate discrimination.
Clusters 2, 3, and 4 have higher percentages of accurate
discrimination. As mentioned previously, Cluster 2 is highly
contaminated clusterwith high Factor 1 and Factor 2 scores;
Cluster 3 is intermediately contaminated cluster; and Clus-
ter 4 is “high-concentration, highly oxidized cluster” with
a high Factor 1| scorc. The soil samples are from placces
with more serious soil contamination with heavy metals,
andthe percentages of accurate discrimination are all higher
than 98%. This mcans that the likclihood of inaccurate
discrimination for higher levels of contamination is low;
samples [rom arcas with high levels of heavy metal con-
tamination where soil is affected much more provide more
traces of the contamination characteristics so that the dis-
crimination accuruacy is higher. Hence, the clustering for
the five-cluster analysis is acceptable.

Conclusion

(1) This study uscs soil heavy metal data from 23 coun-
ties and cities across Taiwan as well as multivariate statis-
tical methods to examine to investigate the relationships
among the variables of the cight major heavy metals.
Contamination characteristics can be simplified into two
groups : (i) being a highly oxidizing pollution factor com-
priscd of chromium, nickel. copper, and zinc; and
(ii) having a semiconductor potential pollution tactor, com-
priscd of Cd, As, and Pb.

(2) The four heavy metals in Factor 1 happen to fall

into the fourth series in the periodic table: they are the

7
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transition metals in the first transition scries. These met-
als are characterized as strong oxidants. The loading ca-
pacity order from high to low is Cr, Ni, Cu, and Zn.
Their atomic radiuses on the periodic table also show a
progressive decline.

(3) The three heavy metals in Factor 2, the transition
metal cadmium and the typical elements, arsenic and lead,
have something to do with the formation of the compound
semiconductor and the major mechanism for semiconduc-

tor formation is the melallic bond.

(4) Concerning the cluster analysis, the contaminated
soil in Taiwan can be classificd into five clusters based on
the characteristics of the contamination : the “low-con-
centration, highly oxidized cluster”, the “*highly contami-
nated cluster”™, the “intermediately contaminated cluster”,
the “high-concentration, highly oxidized cluster” and the
“low-concentration contaminated cluster”.

(5) This rescarch uses the discriminant analysis (o de-
termine the percentages of accurate discrimination from
the cluster analysis results. The percentages of accurate
discrimination level of the five clusters canreach 97.81%;
this means that these five clusters can be used to accu-

rately represent the clusters.
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