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ABSTRACT 

Geochemical mapping programs carried out by the Geological Survey of Sweden (SGU) have 
generated large databases containing information on the concentrations of chemical elements in 
rocks, surface sediments and biogeochemical materials. Regional geochemical data being 
imprecise, multivariate, spatially auto-correlated and non-normally distributed pose specific 
problems to the choice of data analysis methods. Commonly several methods are combined, and 
the choice of techniques depends on the characteristics of data as well as the purpose of study. 
One critical issue is dealing with extreme data values (or outliers) in the initial stages of analysis. 
Another common problem is that integrated analysis of several geochemical datasets is not 
possible without interpolating the point data into surfaces. Finally, separation of anthropogenic 
influences from natural geochemical background in the surface materials is an issue of great 
importance for environmental studies.  
This study describes an approach to address the above-mentioned problems by a flexible 
combination and use of GIS and multivariate statistical techniques with high-dimensional 
visualization. Dynamically linked parallel coordinate and scatterplot matrix display techniques 
allow simultaneous presentation of spatial, multi-element and qualitative information 
components of geochemical data. The plots not only display data in multi-dimensional space, but 
also allow detailed inspection of the data with interactive multi-dimensional brushing tools. The 
results of the study indicate that these simple high-dimensional visualization techniques can 
successfully complement the traditional statistical and GIS analysis in all steps of data processing, 
from data description and outlier identification through data integration, analysis, validation, and 
presentation of results. The outcomes of the study include: a visual procedure towards intelligent 
data cleaning where potentially significant information in very high element concentrations is 
preserved, methods for integration and visual analysis of geochemical datasets collected in 
different grids, estimation of geochemical baseline concentrations of trace metals in till 
geochemistry of southeastern Sweden, use of multi-element spatial fingerprints to trace natural 
geochemical patterns in biogeochemistry, and a new graphical approach to present multi-element 
geochemical data summaries and results from numerical analysis. 
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INTRODUCTION 

Geochemical data 
During geochemical surveys, different media, 
such as rocks or soils, are sampled and the 
samples are analyzed for their contents of 
chemical elements. Geochemical data thus 
refer to given locations in time, and are 
characterized by sample weights, sampling 
densities, sample distributions, and analytical 
techniques applied. The data may contain 
both sampling bias (introduced during the 
sampling process) and measurement bias 
(introduced as part of the measurement or 
preparation process). Dealing with geoche-
mical data requires coping with the under-
lying characteristics of the data that are 
related to sampling and analytical techniques. 
Regional geochemical maps clearly show that 
the natural contents of chemical elements in 
surface materials vary within wide limits. 
Geochemical data are generally complex and 
contain many variables. Signals from 
geological and other factors that influence 
the surface material from which the geoche-
mical samples are collected appear as multi-
element patterns and anomalies. Previously it 
has been believed that geochemical data can 
be modeled as data from a random distri-
bution, such as normal or lognormal. How-
ever, a number of studies have shown that 
this has been an exception rather than a rule 
when regional geochemical datasets are 
considered. Geochemical data rarely follow 
normal or even lognormal distributions 
(Reimann & Filzmoser 2000). The common 
situation produces data sets containing an 
abundance of rather small values along with a 
few very large ones, so-called outliers.  

Censored values 
When values less than the lower detection 
limit (censored values) become significant, 
the estimate of the mean and variance of the 
sample population may become positively 
biased. A value reported at, or less than, the 
detection limit is likely an overestimate of the 
true value (Grunsky & Smee 1999) and the 
chemical elements with abundant censored 
values should normally be left out from the 

analysis (Rawlins et al. 2002). Nevertheless, 
Reimann et al. (2002) pointed out that often 
rare, or other elements with considerable 
number of concentrations under detection 
limits, may be the most interesting to study.  

Outliers 
Outliers may be due to errors or natural or 
anthropogenic processes and should be dealt 
with in one or another way, such as by 
removing the anomalous samples or 
changing their values. It is necessary to 
distinguish between analytical and geological 
or geochemical sources of outliers. Outliers 
in geochemistry indicate rare geochemical 
processes, in exploration geochemistry they 
represent mineralizations, and in environ-
mental geochemistry they indicate contami-
nations. In any case, the outliers are not a 
part of the predominant distribution. In 
addition to data quality issues, one can also 
relate the number of outliers removed or 
replaced to the purpose of the investigation. 
Outlying samples can, however, contain a lot 
of valuable information, so their recognition 
and correct interpretation is very important. 
The aim of detecting outliers in multivariate 
samples can be pursued in different ways and 
a number of procedures are applied and 
continuously discussed in the literature, for 
example in Reimann et al. (2005). 

Analysis of geochemical data 
The typical procedure of analyzing geoc-
hemical data includes the description of the 
single element frequency and spatial 
distribution, followed by an investigation of 
multi-element associations and patterns, and 
finally modeling and interpretation stages. An 
exhaustive evaluation of each element is 
needed, including assessment of the lower 
limits of detection, the range of values, and 
the nature (shape) of the data distribution. 
The data characterization step is a prerequi-
site to successful data cleaning and transfor-
mation before multivariate statistical analysis 
is approached (Reimann et al. 2002). The 
multivariate data need to be checked for 
spatial and multivariate structures and for a 
multivariate approach, there is usually a need 
for dimension reduction. The problem is that 
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the latter may remove the variance, which is 
crucial for a particular task, for example in 
differentiating two similar but different 
groups or clusters. This variance should be 
retained until one is certain that it is of no 
use (Gahegan 2000).  
During the different analysis steps, Geog-
raphic Information Systems (GIS) in 
combination with statistical, geostatistical and 
geochemical methods are commonly used 
(for example Morsy 1993, Zhang & Selinus 
1998, Grunsky & Smee 1999, Harris et al. 
1999, Facchinelli et al. 2001, Hwang et al. 
2001, Lin 2002, Navas & Machin 2002, 
Romic & Romic, 2002) while during recent 
years, exploratory data analysis (EDA) tools 
have gained a lot of attention. EDA is an 
approach or philosophy for data analysis that 
employs a variety of techniques (mostly grap-
hical) to gain insight into data (Tukey 1977). 
EDA uses techniques from statistical 
graphics, and many exploratory methods 
emphasize graphical views of the data that 
highlight particular features (Symanzik et al. 
2002). Major advantages of EDA are the 
straightforward application of its techniques 
and the easily interpretable results (Kürzl 
1988). 

Spatial mapping 
Well-designed maps illustrate the most 
important message that geochemical survey 
datasets contain i.e. the variation in regional 
distribution (Reimann et al. 2005). GIS has a 
wide range of means for the display of data 
using shading, patterns, textures and color, 
which help to illustrate the geographical 
distribution of variables and their inter-
actions. The display of spatial data structures 
on maps is essential, either for studying the 
outliers or the main trends. The optimal 
maps are purposely-tailored for presentation 
(Gustavsson et al. 1997) and in a regional 
map it is very important to define symbolic 
or color classes via a suitable procedure that 
transfers the data structure into a spatial 
context. A technique for the display of data 
on maps was first developed in which the 
diameter of dots is related to element content 
by a continuous function defined by the user 
(Björklund & Gustavsson 1987). It has been 

argued that continuous size function avoids 
subjectively classifying observations into disc-
rete classes (Gustavsson et al. 1997). 
Following this, percentiles, boxplot (Kürzl 
1988), or arbitrarily chosen classes or conti-
nuously growing symbols have been used. 
Percentiles offer a standardization of maps, 
which can then be combined. Boxplots in 
combination with specially chosen EDA 
symbols have been found to provide a basis 
for objective class selection and symbol 
coding for geochemical mapping purposes. 
The boxplot is resistant to inconsistencies 
and disturbances typical for raw data, and the 
use of relatively wide class intervals avoids 
mapping process variability (O’Connor & 
Reimann 1993). The thoughtful use of 
symbols and colors may significantly help to 
achieve the visualization task. While point 
maps are more accurate for representing data, 
the visual perception is easier from surfaces. 
Sample data located relatively close to one 
another often exhibit similar concentration 
values. Because the localized points show 
spatial continuity, it is logical to assume that 
there is also a zone of influence associated 
with the sample. The problems with inter-
polation of point data into surfaces are 
related to predicting the surface from 
available data, which introduces errors of 
unknown magnitude. The influence of 
different interpolation techniques has been 
studied but the choice depends also on which 
underlying processes are modeled by the 
fitted surface. Regardless of the interpolation 
techniques, the modeled surface will always 
approximate the real surface. The variability 
in spatial estimation methodologies has a 
significant impact on the quality of the 
estimates and on the quality of decisions 
based on the estimates (Myers 1997). For 
example, the strength of kriging is in incor-
porating local spatial variation into a surface, 
while the strength of locally estimated 
scatterplot smoothing (loess) is in describing 
the overall trend (Helsel & Ryker 2002). 
Other factors that have an influence on the 
choice of gridding procedures may be the 
variability of data (spatial autocorrelation), 
sampling density, and the desired spatial 
resolution (cell size). A compromise may 
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include both interpolation into a surface and 
a point representation to visualize the uncer-
tainty or differences between the estimated 
and sampled values (Äyräs & Kashulina 
2000). With growing amounts of data 
available, the need for integrating data sets of 
different origin, quality and mapping scale is 
continuously growing (Steenfelt, 1993, 
Klaassen et al. 1997). This intensifies the 
quality problem; especially when datasets, ori-
ginally in point form, have been interpolated 
prior to the integrated analysis. For example, 
integration and analysis of sparse (inter-
polated) datasets may result in outcomes that 
are not acceptable regarding the error level.  

Multivariate statistics 
The most commonly used multivariate tech-
niques for studying regional geochemistry are 
principal component analysis (PCA), cluster 
and factor analysis, and different types of 
regression analysis. The predominant element 
associations (or geochemical processes) in 
multi-element data can be identified with 
PCA and factor analysis, sample associations 
can be detected with cluster analysis, and 
inter-element and inter-sample relationships 
can be studied with regression analysis. Data 
from the real world rarely match the idealized 
models of parametric statistics, and the data 
values are often transformed to counteract 
the effect of outliers. Methods requiring a 
multivariate normal distribution are especially 
vulnerable when used with geochemical data 
and will often deliver unstable and faulty 
results (Reimann et al. 2001). Whenever the 
parametric techniques are applied, it is 
desirable to investigate how the decisions 
about outlier removal and data transfor-
mation may influence the outcomes of the 
analysis. The subjectivity in applying multi-
variate statistical analysis for geochemical 
data can be substantially decreased by using 
robust or non-parametric techniques. Robust 
statistical methods, in which the influence of 
outliers is minimized, exist for both uni-
variate and multivariate approaches, but are 
unfortunately not widely used or available. If 
we deal with attributes alone, we cannot 
claim to be doing spatial data analysis, even 
though the observational units themselves are 

spatially defined. Thus, although the attribute 
data are of fundamental importance, when 
divorced from their spatial context they lose 
value and meaning (Bailey & Gatrell 1995). 
Spatial forms of multivariate statistical analy-
sis are less well developed, and in practice, 
the non-spatial multivariate techniques are 
most commonly used with the objective of 
identifying a small number of interesting sub-
dimensions (combinations of elements), 
which may then be examined from a spatial 
perspective, exploring for spatial patterns and 
relationships.  

Anomaly detection 
A geochemical anomaly is a relative pattern 
of concentration differences and outliers are 
only recognizable relative to the behavior of 
the majority of observations. The goals of 
statistical and spatial analysis of geochemical 
data include both the detection and quanti-
fication of anthropogenic influences in the 
geochemistry of the surface environment. 
There is a large geochemical variability in the 
natural ranges of abundances of trace 
elements in surface materials. The geoche-
mical background is defined by geology 
(Davenport et al. 1993) and includes effects 
from both soils and underlying bedrock. 
Baseline concentrations also depend on sam-
ple material, grain size and extraction method 
(Salminen & Tarvainen 1997, Salminen & 
Gregoriauskiene 2000). The definition of 
thresholds and background varies, as well as 
methods used to derive them from the actual 
datasets. The threshold is usually defined as 
the upper limit of the fluctuation of the 
background population. In the past, mostly 
single-element threshold values have been 
used. The comparison of different univariate 
methods is presented in Reimann & Filz-
moser (2000) and Reimann et al. (2005). The 
use of fractal methods has been increasing 
and become common (Cheng et al. 1996, 
Goncalves et al. 2001, Li et al. 2003). Recently, 
Rantitch (2004) pointed out that in a geo-
logically complex area, spatial anomaly 
detection methods like moving average, 
kriging or fractal modeling are inappropriate. 
Cheng et al. (1994) suggested a clear distinc-
tion between regional and local thresholds. 
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However, the univariate approach cannot be 
an optimal approach for the definition of a 
threshold. Mineralization processes are 
almost always multi-element events and the 
resultant chemical patterns are also multi-
element, and should be treated as such. For 
example, Esbensen et al. (1987) used a 
concept of multivariate geochemical anomaly. 
Numerous case studies have reported the use 
of multivariate statistical methods to dis-
tinguish anomalies caused geologically and by 
natural features of the environment from 
those due to anthropogenic effects, for 
example Birke & Rauch (1993), Kramar 
(1995), to mention but few. The analytical 
technique used, sample type, prospecting 
scale, survey patterns, sampling density, as 
well as spatial distribution of the data is 
important. A geochemical background is 
characterized by regional variability and is a 
function of time and can thus only be derived 
for a defined spatial and temporal setting 
(Matchullat et al. 2000). Consequently, an 
approximation of background values can be 
derived rather than a quantification of a true 
background value.  

Visualization 
Extracting useful knowledge from data is still 
a complicated and nontrivial process. In this 
context, visualization offers powerful means 
of analysis that can help to uncover patterns 
and trends hidden in unknown data. Visuali-
zation can mean different things to different 
audiences and can be associated with ani-
mation, pictures, maps, plots, colors etc. 
Traditionally, the term “visualization” has 
been used to describe the process of graphi-
cally conveying or presenting results. How-
ever, it has also been argued that the original 
definition of the term refers to attempts to 
build a mental image of something, rather 
than merely representing graphical results on 
a computer screen (Blaser et al. 2000). Accor-
ding to Dranch (2000) the application of 
visualization in the research process consists 
of two parts: a private domain where mono-
logue thinking takes place, and public domain 
where a dialogue takes place. The purpose of 
visual presentation of data is to provide the 
scientist with insights into data behavior not 

readily obtained by non-visual methods 
(Thompson 1992) and to present the data to 
the user in a way that promotes the discovery 
of inherent structure and patterns and 
prompts the generation of research questions 
(Gahegan 2000). The developing techniques 
of visual data mining may provide a means 
for extracting potentially useful and 
understandable patterns from the large 
volumes of multivariate or high-dimensional 
data (Ward 1994). Visualization of high-
dimensional data means the ability to portray 
numerous aspects of the data simultaneously. 
Moreover, visual data mining integrates the 
user into the exploration process. In addition 
to direct involvement of the user, the main 
advantages of visual data exploration over 
automatic data mining techniques from 
statistics or machine learning are twofold: it 
can easily deal with highly non-homogeneous 
and noisy data and it is intuitive and requires 
no understanding of complex mathematical 
or statistical algorithms and parameters 
(Keim 2002). The visual presentations enrich 
our perception so that complex phenomena 
can be comprehended intuitively. In addition, 
visualization provides a natural method of 
integrating multiple data sets.  
A considerable number of advanced visua-
lization techniques for multidimensional data 
have been proposed and a number of visuali-
zation systems have been developed (for 
example Ahlberg & Schneiderman 1994, 
Goldstein et al. 1994, Unwin et al. 1996, Wills 
1999, Eick 2000, Stolte et al. 2002). As visual 
methods cannot entirely replace analytic 
mining algorithms, it is useful to combine 
several methods from different scientific 
branches in the data exploration processes 
(Uhlenküken 2000, Kreuseler & Schumann 
2002). Developments in the field of scientific 
visualization offer new approaches in analysis 
of geoscientific data, but they often fail to 
incorporate spatial information. In visualizing 
spatial data, methods and techniques from 
scientific visualization and information 
visualization should be applied in combi-
nation with an adequate display of the spatial 
frame of reference (Kreuseler & Schumann 
2002, Kraak 2003). Visualization has already 
become an integral part in many applications 
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of GIS, but often GIS has to utilize 
independent visualization toolkits. There are 
several examples of linking the existing 
statistics or visualization packages with GIS 
software, as well as systems that incorporate 
both analytical and GIS capabilities (Syman-
zik et al. 1997, Bao et al. 2000). Unfortunately, 
these are not often available to the general 
public.  

OBJECTIVES 

The primary objective of the study is to 
develop an approach that integrates visual, 
spatial and statistical analysis techniques (Fig. 
1) for studying the distribution and inter-
relationships of chemical element contents in 
different surface materials. The hypothesis is 
that a combination of analytical and visuali-
zation tools tailored for the specific types of 

Univariate statistics, 
Exploratory Data 
Analysis (EDA)

Multivariate statistics

Geographic Information 
Systems (GIS)

Visualization

Figure 1. Methods applied for data analysis.
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data is better than individual standard 
methods to obtain information from multi-
variate spatial data. The focus was on 
regional geochemical data collected by the 
Geological Survey of Sweden (SGU).  
The specific objectives are to: 
- evaluate the potential of high-dimensional 
visualization for data cleaning;  
- visualize the regional distribution patterns 
of chemical elements; 
- extract and characterize spatial multi-
element patterns in geochemical datasets; 
- combine geochemical datasets for integ-
rated analysis; and 
- test an approach for recognition of natural 
and anthropogenic anomalies. 

STRUCTURE OF THESIS 

The Data and Previous Studies chapter 
contains the description of the multi-element 
geochemical datasets, geology of the study 
area and previous studies. The Methods 
chapter describes the application of visual, 
spatial and statistical analysis techniques. In 
the Discussion and Results chapter out-
comes from data analysis are presented, 
together with a general discussion about the 
combination of analysis techniques. 

DATA AND PREVIOUS STUDIES 

The study areas are 100 x 100 km and 300 x 
300 km in extent respectively, and are located 
in southern Sweden (Fig. 2). Data used in the 
present study includes a geological map, 
lithogeochemical, till geochemical, biogeo-
chemical and moss monitoring data. The 
Geological Survey of Sweden (SGU) supplied 
all datasets. Regarding the chemical elements, 
five were present in all geochemical datasets: 
copper (Cu), nickel (Ni), lead (Pb), vanadium 
(V) and zinc (Zn). In addition, the concent-
ration of cobalt (Co) was available for till, 
biogeochemistry and lithogeochemistry, and 
chromium (Cr), together with the oxides 
CaO, Al2O3, Fe2O3, TiO and SiO2, were 
included in lithogeochemical data. All sample 
types were analyzed by X-ray Fluorescence 
(XRF) and/or Inductively Coupled Plasma 
Mass Spectrometry (ICP-MS) for the total 
contents of elements, and the available infor-
mation on the lower limits of detection is 
provided in Table 1. Summary statistics is 
shown in Table 2. 

Figure 2. The study area location in southern 
Sweden (the coordinates are in the Swedish 
national grid system). The larger area refers 
to moss monitoring data. 

Geology 
A simplified geological map with the location 
of lithogeochemical rock samples is shown in 
Plate I. The bedrock is mainly Precambrian, 
composed of different granites, meta-volca-
nites, sedimentary (sandstone, conglomerate, 
shale) and mafic rocks. The detailed desc-
ription of the geological background of the 
study area, as well as the data collection 
methods can be found in Zhang et al. (1998) 
and Selinus & Esbensen (1995). The bedrock 
geochemical data consist of 90 composite 
samples of rocks from below the weathered 
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other types of data. The sampling locations 

Figure 3. Sampling locations of till (left, 1411 samples) and biogeochemistry (right, 1530 samples).

surface. Some rock types (gneisses, mafic 
meta-volcanic rocks and syenites), even if 
present, were not represented with samples 
from within the study area. The number of 
samples of different rock types were as 
follows: dolerites, 6; gabbro and amphibolite, 
18; oldest granitoids, 16; Småland-Värmland 
granite, 12; quartzite, 4; sedimentary rocks, 6; 
felsic and intermediate volcanic rocks, 6; and 
felsic volcanic rocks, 22.  

Till data 
In the overburden, glacial till is the most 
abundant material, and 1411 till samples 
taken below the zone of weathering (C-
horizon) are located within the study area. 
The sampling scheme was irregular (1 sample 
per 6 km2) and the location of samples is 
shown in Figure 3 (left). Till geochemical 
data refer to the element concentrations in 
the fine fraction (<0.063 mm). The smallest 
concentration step is 1 ppm.  

Biogeochemical data 
Biogeochemical data are represented by 1530 
samples of organic material (roots from 
stream plants, aquatic mosses) in small 
streams. Biogeochemical material has been 
found to be barrier-free in respect to uptake 
of many metals, and is thus suitable for 
geochemical prospecting (Brundin & Nairis 

1972, Brundin et al. 1988). Each sampling 
location is a collection point for a catchment 
area corresponding to 5 to 10 km2. The loca-
tion of samples is shown in Figure 3 (right).  

Moss data 
The moss data used in the present study 
belong to the moss monitoring program in 
Sweden and include the mosses Hylocomium 
splendens and Pleurozium shreberi, sampled in 
1985 (177 samples), 1990 (156 samples) and 
1995 (188 samples). Previous studies have 
shown that data from these moss species can 
be combined without interspecies calibration 
and used for regional mapping purposes 
(Halleraker et al. 1998). Note that the study 
area is larger for moss data, compared to the 

Element Till Biogeochemistry

Cu 
2 10 

Co 5 10 
Ni 5 10 
Pb 10 20 
V 10 20 
Zn 2 20 

Table 1. Lower detection limits in ppm of the 
element concentrations in the geochemical 
datasets.
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(Fig. 4) do not coincide in the three surveys. 
The details of the sampling procedure and 
the sampled media, as well as the analytical 
techniques, can be found in Rühling et al. 
(1987). The smallest concentration step of 
the data varies from 0.01 ppm 1985 and 1990 
to 0.001 ppm in the 1995 survey.  Summary 
statistics is provided in Table 3. 

Previous studies 

The area has a well-defined geology with 
rocks of various origin and composition, 
allowing for differentiation of the glacial till 
derived from these rocks. Previous studies 
indicate that the till is mostly of local origin 
and the known glacial drift direction is from 
north and northwest to south and southeast. 
A high variability of element contents has 
been detected, which is controlled by the 
composition of parent rock material. The 
effect of mafic rocks on the metal distri-
bution in till is significant, as they have high 
concentration of metals and are easily 
weathered. Lead has weak correlations with 
other metals, and is enriched in felsic (also 
called acid) volcanic rocks. The known Pb 
mineralization in felsic volcanic rocks is 
associated with elevated contents of Zn 
(Zhang & Selinus 1998, Zhang et al. 1998). 
Multivariate calibration and partial least 
squares regression (PLSR) analysis have been 
applied by Selinus & Esbensen (1995), to 
distinguish between natural and anthropo-
genic Pb anomalies in biogeochemical 
samples. Their modeling included bedrock 
together with till and stream plant geoche-
mistry. It was suggested that Pb is mostly 
dissolved form mafic rocks, and to some 
degree from volcanic rocks. High Pb 
contents in the biogeochemical samples may 
therefore be derived from mafic rocks, or be 
caused by anthropogenic factors. The statis-
tical analysis of the three data sets by Zhang 
et al. (1998) indicated that there are values 
under the detection limit, and skewed 
distributions occur for all elements. Extreme 
values present in the root sample data were 
replaced by the second highest values. The 
censored values were also replaced by half of 
the minima in the datasets. Outliers were 
detected using the range method. Approxi-

Figure 4. Sampling locations of moss in sur-
veys carried   out in   1985 (top, 177 samples), 
1990 (middle, 156 samples) and 1995 (bottom, 
188 samples). 
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METHODS 

ign of the study includes a 

Data description and summary statistics  
The first stage in analyzi  

Table 2. Summary statistics of bedrock (90 samples), till (1411 samples) and biogeochemical data 
(1530 samples): ranges of concentrations and quartiles. Values are in ppm. 

 Bedrock Till Biogeochemistry 
 Min Max Min Q1 Q2 Q3 Max Min Q1 Q2 Q3 Max 
Cu 0 159 0 8 12 17 193 0 38 46 60 5448 
Co 0 140 1 14 17 20 58 0 50 59 81 981 
Ni 0 351 0 9 12 16 204 0 21 28 37 2193 
Pb 1 52 1 19 23 28 323 0 50 83 161 1831 
V 4 300 18 46 55 65 187 1 91 116 160 1671 
Zn 0 391 13 31 40 53 233 0 168 237 296 3288 

mately 1% of the datasets were identified as 
outliers in till and root data. One of the 
conclusions of the study was that the metal 
relationships in roots have been affected and 
altered by external processes. In another 
study by Zhang et al. (1999), cluster analysis 
with stream plants, till, bedrock and industrial 
discharge data showed that pollution samples 
can be separated, and that means that high 
Pb contents found in stream plants are 
caused by natural sources. 

The overall des
combination of the following techniques: 
histograms, parallel coordinate and scatter-
plot visualization, point symbol maps and 
GIS overlays, and Principal Component 
Analysis (PCA). The principal steps in the 
investigation were data description, data 
cleaning, identification and extraction of mul-
ti-element spatial features, and visual 
comparison and presentation of multi-
element geochemical signatures. 

ng geochemical data
is to describe the ranges of concentrations of 
the elements and to get an indication of the 
presence of outliers i.e. observations that 
appear to be inconsistent with the rest of the 
data. Histograms were used to examine the 
distribution of values of each variable and to 
detect distributional problems of the raw data 
- such as strong asymmetry or many outliers. 
A histogram is created by dividing the range 

of data into classes of a user-specified width, 
and the frequency of samples within each 
class is expressed as the absolute number of 
the samples or the percentage of these 
samples of the total number of samples. Due 
to variable concentration ranges of the 
chemical elements, the information content 
of the histograms may vary substantially. 
Thus, the choice of class width includes a 
trade-off between including high-frequency 
noise and smoothing the histogram shape. 
Ideally, the applied class width should be 
defined in accordance with the data 
properties, such as the analytical measure-
ment precision. As this information was not 
available, the class widths chosen to plot 
histograms for each element in each dataset 
was larger than the smallest concentration 
step in the data. In Paper II and V, 
automatically scaled frequency axes were 
considered sufficient to obtain a first 
impression of the frequency distribution of 
different elements in a dataset. To illustrate 
temporal changes of the element concent-
rations, a uniform frequency scale was used 
in Paper III. To be able to compare the 
distribution of an element in two 
geochemical datasets of significantly varying 
size (in Paper IV), the sample frequency was 
expressed as a percentage of the total number 
of samples. Regarding summary statistics, 
quartile values were calculated for all 
geochemical datasets, except the litho-
geochemical data. To present changes in the 
inter-quartile ranges of element 
concentrations over time, quartile plots were 
used in Paper III. In Paper V, ratios of the 
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respective quartile values in biogeochemical 
and till datasets were used to detect 
differences in element concentrations 
regarding their enrichment in organic 
material. The fifth and ninety-fifth percentiles 
and quartiles of element concentrations were 
used to characterize geochemical baseline 
concentrations. 

Dealing with censored and outlying 

The approach suitable for data cleaning - 

alization was performed in the 

values and data transformation 

dealing with censored values and extreme 
outliers - has to be flexible and take into 
account the shape and range of the 
distribution of element concentrations and 
the purpose of the study. As the focus of the 
present study lies in identification of 
geochemical signatures and element baseline 
concentrations, a comprehensive investi-
gation into sources and causes of outliers was 
not necessary. Therefore, a replacement of 
censored or very high element concentrations 
is neither performed nor extensively dis-
cussed. Moreover, being data-dependent, the 
extent of outlier removal was not clearly 
defined beforehand. In the first step, a 
visualization of raw data by parallel coordi-
nates and scatterplots was used for all 

datasets.  
The visu
package XmdvTool v. 5.0 (Ward 1994). The 
parallel coordinate display (Plate II) is a 
methodology for unambiguous visualization 
of multivariate data and relations. Parallel 
coordinates can be extended to n-dimen-
sional data and each dimension is represented 
as a vertical axis. The display of observations 
is achieved by marking the value of each 
dimension at the corresponding axis, and 
connecting the values belonging to the same 
observation with a line (a so-called polyline). 
Each polyline thus represents a record, such 
as a sample. The scatterplot visualization 
refers to a matrix composed of 2-D scatter-
plots of all pairs of variables. It provides a 
visual measure of how each pair of variables 
correlate. Plane spatial coordinates included 
as variables provide the ability to visualize the 
spatial frame of reference in the scatterplots 
of the coordinates. The two visualization 
techniques do not have any assumptions 
about the data distributions. Both qualitative 
and quantitative variables can be analyzed, 
and the number of variables is not limited, 
but too many records (samples) of the same 
type may be visually difficult to perceive. 
Important aids for visual data exploration are 

Year 
 Cu Ni Pb V Zn 

1985 Min 2.76 0.87 3.78 0.09 19.00 
 Q1 4.66 1.43 8.69 1.49 35.50 
 Q2 5.68 1.78 12.40 2.25 42.90 
 Q3 7.24 2.43 19.00 3.61 50.60 
 Max 34.10 7.82 59.00 8.88 113.00 
1990 Min 2.73 0.67 0.46 1.18 16.67 
 Q1 5.30 1.23 10.76 2.15 39.74 
 Q2 6.10 1.56 13.26 2.70 44.36 
 Q3 7.12 1.81 18.11 3.37 51.44 
 Max 12.05 3.71 36.10 6.35 95.08 
1995 Min 2.420 0.475 2.440 0.883 16.790 
 Q1 4.056 0.876 5.650 2.104 34.800 
 Q2 4.765 1.050 7.547 2.388 40.016 
 Q3 5.671 1.275 9.322 3.044 46.352 
 Max 8.470 1.775 15.169 16.400 80.400 

Table 3. Element concentrations in ppm in mosses in 1985 (177 samples), 1990 (156 samples) and 
1995 (188 samples): minimum, quartiles and maximum, respectively. 
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isual Evaluation (IVE) app-

Spatial mapping 
The GIS used in present study was the raster-

interactive tools for zooming, reordering of 
variables, and brushing (Fig. 5). Brushing 
means highlighting (or masking) selected 
samples. The dynamic linking of parallel 
coordinates and scatterplot matrix displays 
provides further assistance for visual analysis, 
which becomes a pattern recognition prob-
lem. The brushed data selection can be 
viewed as a numerical output and saved as a 
new data file.   
An Integrated V
roach was suggested in Paper II to visualize 
and deal with censored values and outliers in 
multi-element data with spatial autocor-

relation patterns. This methodology allows 
easy and fast identification of both censored 
and outlying values, considering their 
influence to the total sample size as well as 
their spatial location. By IVE, the censored 
or outlying values were highlighted in order 
to consider the composition and spatial 
location of the samples they belong to. In 
addition, an iterative removal of outliers 
considers the extremity of outliers while 
monitoring the effect of outlier removal on 
the distributions of element concentrations. 
In Paper IV the parallel coordinate technique 
was employed for decisions about the fate of 
outliers in the sparse litho-geochemical data. 
The study of the effect of different outlier 
removal techniques on the numerical 
outcomes from the subsequent analysis steps 
is discussed in Paper V. In Paper II a study 
was performed to examine how the multi-
element patterns in a dataset, cleaned by 
automatic deletion of the highest con-
centrations, differed from the patterns in 
IVE-cleaned data. For cleaning biogeo-
chemical data, PCA was applied in parallel 
with IVE in Paper V, followed by a 
comparison of the samples identified as 
outliers by the respective approaches. How 
data transformation or standardization influ-
ences the original distribution of concent-
rations in geochemical data was illustrated for 
one element in cleaned till data. 

Figure 5. Parallel coordinate visualization of 
a till data subset, showing interactive query 
of brushed samples   (highlighted, in black). 
The table shows the numerical output of the 
brushed data. 

based Idrisi32, which provides limited vector 
functionality in comparison with other 
available mapping software packages. In 
Paper II, the scaling problem of continuous 
point data was approached with a fixed 
quartile scale for the visualization of relative 
temporal changes of each element concent-
ration in three datasets of moss monitoring 
data. The visualization of spatial auto-
correlation patterns on point symbols maps 
was studied for till data in Paper IV. The 
division of concentration ranges of the 
elements into discrete classes tied to quartile 
values and the purpose of the visualization 
guided the selection of different point 
symbols. The emphasis was on the flexible 
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use of symbols that facilitate the conveyance 
of the information about trends and patterns 
present in the data. Conversely, in Paper IV 
and V, the use of point symbol maps with 
continuous scale was applied to visualize the 
distribution of scores for the principal com-
ponents and aid identification of spatial 
features.  

Visual exploration of multi-element data 
F -

Principal Component Analysis 
Principal Component Analysis is a method to 

s used for outlier detection in bio-

Visualization of combined datasets 
The combination of geochemical datasets 

Graphical presentation of data summaries 

A

or visual exploration, cleaned and standar
dized percentile-converted multi-element 
data were used instead of raw data, to 
facilitate visual recognition of spatial multi-
element patterns. In a scatterplot matrix, the 
spatial trends in the distribution of element 
concentrations were studied by interactive 
brushing (Paper I to IV). This was developed 
further in Paper IV where multi-element 
spatial fingerprints were identified and 
separated in till data. Parallel coordinate 
visualization was applied in Paper IV to 
compare element levels related to specific 
rock types in litho-geochemical data. 
Following a visualization of numerical out-
comes from PCA the geochemical finger-
prints of mafic and felsic volcanic rocks in till 
and biogeochemical data could be extracted 
(Paper IV and V) by interactive brushing.  

describe the variation of a set of multivariate 
data in terms of a set of uncorrelated 
variables, each of which is a particular linear 
combination of the original variables. The 
new variables are derived in decreasing order 
of importance so that, for example, the first 
principal component accounts for most of 
the variation in the original data. The nume-
rical output from a standard PCA includes 
correlation between the variables, eigenvalues 
of the principal components, loadings of 
variables to each principal component, and 
principal component scores for each sample. 
The eigenvalues indicate the number of 
significant principal components, and 
loadings indicate which variables have posi-
tive or negative correlation with the 
individual principal components. Another 
very helpful application of PCA, which does 

not involve any need for interpretation of the 
components, are low-dimensional plots of 
the data, which can be an aid in identifying 
outlying observations, clusters of similar 
observations, and so on (Everitt & Dunn 
1991). A parametric PCA is sensitive to 
extreme data values; as a result the input data 
should therefore be cleaned and preferably 
transformed to meet the requirements of a 
normal distribution (Reimann & Filzmoser 
1999).  
PCA wa
geochemical data in Paper V. In both Paper 
IV and V the associations of the six elements 
were extracted from cleaned and log-
transformed till and biogeochemical data.  

containing samples from different locations is 
always a challenge. In this study, two 
methods are applied for the presentation of 
information from two or more datasets si-
multaneously. In Paper IV (and V) the litho-
geochemical, till and biogeochemical datasets 
were merged into new data files and 
visualized in parallel coordinates and scatter-
plots. Bedrock and till datasets were 
combined in Paper IV and biogeochemical 
data was added to them in Paper V. In Paper 
III, three moss datasets were merged to 
facilitate a visual analysis of temporal changes 
in element levels. Selected information from 
two data layers was also combined by GIS 
overlays. The simplified geological map was 
combined with the point symbol map of one 
element in till in Paper IV to identify areas 
where the till does (or does not) reflect the 
composition of underlying rocks. The scores 
for principal components extracted from till 
and biogeochemistry were overlaid as point 
symbol maps in Paper V to study the degree 
of spatial overlap and to estimate the 
principal component score values associated 
with spatially related clusters.  

and analysis of results 
s the geochemical datasets contain many 

observations, the visualization of original 
detail in data may mask the general trends, 
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which, if present, may therefore be difficult 
to perceive. As an alternative or complement 
to visualizing the whole data set, selected 
statistical measures that summarize a data set 
can be compiled into a separate file for visual 
presentation and analysis. Paper III presented 
a new approach to visualize temporal trends 
in element levels in moss monitoring data. 
The scatterplot matrix visualizes changes in 
the inter-quartile range of element concent-
rations using quartile values and separate 
brushes for each of the three surveys. To 
present and compare two contrasting multi-
element geochemical fingerprints in till data, 
inter-quartile ranges of the element concent-

rations in representative subsets of data were 
visualized in parallel coordinate display in 
Paper IV. In Paper V, the concentrations of 
six elements in spatially overlapping geoche-
mical fingerprints, extracted from till and 
biogeochemical data, were visualized in the 
same graph.  

DISCUSSION AND RESULTS 

As the analysis of multi-element geochemical 
datasets may include simultaneous use of 
different techniques, iterative application of 
different procedures, data transformations  
 

 

Figure 6. Flow diagram for comparing two approaches for outlier removal from till data 
(Paper II). 
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Figure 7. Histograms 
of Zn content in moss 
datasets    from   1985 
(top,    177    samples), 
1990     (middle,    156 
samples)   and    1995 
(bottom, 188 samples).

etc., a data diagram can conveniently show the 
overall procedure and all steps in the analysis 
(Fig. 6, Paper II and IV). The advantages of 
the visual presentation of analysis steps are 
numerous, especially when integrated analysis 
involves a combination of several datasets. 
The reader can easily get an overview and 
understand what happens to the data. All too 
often, the reasoning and different steps of a 
complex numerical analysis are difficult to 

follow and thus threaten the reproducibility 
of a study. 

Data characterization, cleaning and tran-
sformation 
Histograms present almost all information 
needed to characterize and compare the 
distributions of the chemical elements in the 
geochemical datasets (Papers III – V). Gene-
rally, the histograms with automatic scaling 
present less detailed information than those 
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with fixed scales (Fig. 7). Further, having the 
frequency expressed as percentages instead of 
the absolute number of samples, even 
datasets of different size become comparable, 
as illustrated by the distribution of Co in 90 
rock and 1411 till samples in Figure 8. 
Although the presence of extreme concent-
rations and censoring problems are visible, 
the histogram summarizes information about 
the distribution of the element concent-
rations. In geochemical data the element 
concentrations most frequently correlate with 
nearby samples and the spatial dependence 
and variation in regional geochemical data 
may influence the histogram shape. Additio-
nally, the selection of different class widths 
affects the histogram shape. In the case of 
regional geochemical sampling data, the 
extended range into high concentration 
values form a long tail in the distribution and 
cause positive skewing. In some cases the raw 
(untransformed) concentrations of all samp-
les cannot be plotted because some con-
centrations may exceed thousands of mea-
surement units. Nevertheless, used approp-

riately, the histograms are a valuable tool 
even if it might be beneficial to use several 
different plots to characterize the distribu-
tions of the chemical elements. For example, 
considering the large number of chemical 
elements often included in a study, the 
production of cumulative frequency diagrams 
may be faster as there is no need for class 
division. 
Regarding the descriptive statistics, quartiles 
are often preferred to give an overview and 
allow comparison of several datasets. The 
ratios of quartiles in biogeochemical data to 
those of till data indicated that the behaviour 
of chemical elements differ considerably 
between organic and non-organic sample 
media. Compared to other studied elements, 
Pb, Co and Zn showed significant enrich-
ment in stream plants, compared to the fine 
fraction of glacial till (Paper V).  
If there are too many values recorded lower 
than the detection limit of the analytical 
technique, the influence of those values on 
the distribution of the data is visible in 
histograms of raw data. The next step during 
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Figure 8. Histograms 
of Co content in bed-
rock  (90 samples)and 
till (1411 samples). 
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Figure 9. Parallel coordinate (top) and scatterplot visualization (bottom) of raw till data including
spatial   coordinates  and the elements  Ni and V.  Highlighted  in black  color  are  samples  con-
taining censored (under the lower detection limit) values of Ni.  Highlighted  in  white  color  are  
samples  with  low  concentration  of  V.  The scatterplot of X against  Y  coordinates  in  the  first 
column and second row of the scatterplot matrix shows the spatial location of samples within the 
study area. 

data characterization should be to examine 
the samples these values belong to. Visuali-
zation is particularly suitable for this task, and 
simple views of data display the con-
centrations of all studied elements in the 

samples of interest interactively in multi-
variate and spatial space (Paper I to III). An 
example is given in Figure 9 where about 50 
censored values present in till data are 
highlighted. The black lines and dots indicate 
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censored values of Ni while the white ones 
refer to the samples within the related con-
centration range of V. In the southeastern 
part of the study area (shown by the 
scatterplot in the first column and second 
row) the censored Ni concentrations are 
spatially related to the location of low 
vanadium while in the NE corner they form a 
separate cluster. The treatment of censored 
values has not gained very much importance 
in geochemical studies. At the same time, 
when the number of censored values exceeds 
a certain percentage of the total number of 
samples the element is normally left out from 
the subsequent analysis. As pointed out by 
Reimann et al. (2002), those elements may be 
the most interesting ones to study. Given the 
unique way of visualizing multi-element space 
and spatial location simultaneously, high-
dimensional visualization techniques used in 
the present study help to estimate the severity 
of the censoring problem for each dataset 
and variable separately, as well as help to test 
the replacement of the censored values 
instead of discarding the element from subse-
quent analysis. For example, the visualization 
illustrated in Figure 9 suggests that there are 
spatial factors to be considered when deci-
ding about removal or replacement of censo-
red Ni values in till data.  
There will always be a discussion about how 
to define the number of outliers to be 
excluded from a geochemical dataset, so that 
the loss of information is minimized while 
the noise is removed. Here one could argue 
that the decisions concern only the datasets 
at hand, and may include testing of a multi-
tude of available techniques from uni- and 
multivariate statistical approaches. As the 
data are multivariate, an extreme value for 
one element may be related to the con-
centration of other elements in the same 
sample. The main problem is to detect the 
atypical outliers that do not belong to any 
known anomalies regarding their element 
association and spatial location. Thus inter-
active manipulation of outliers, checking for 
both spatial and multi-element aspects, may 
offer valuable insights, as shown by a 
scatterplot visualization of integrated moss 
data in Plate III. The multi-element com-

position of samples comprising outlying 
values indicate the association of elements 
and may thus help to decide whether the 
outlying values are due to errors or to 
pollution. It also enables an estimate of the 
effect of the removal of single extreme 
concentrations to the data distribution. 

Figure 10. Parallel coordinate and scatterplot 
visualization  showing  the  effect of transfor-
mation  type  on the distribution of raw data 
(measured concentrations). Log-transformed 
(logv),  original (v) and percentile-converted 
(v%)  concentrations  of V in  till data are dis-
played. Low concentrations of V are 
highlighted in black. 
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Skewed distributions do not seem to pose a 
large problem for visualization, except for 
cases when numerous extreme outliers are 
present together with a large number of 
samples in low ranges of concentration. In 
this case, the visual perception of data will 
suffer due to clutter of overlapping sample 
values. The data cleaning stage of an analysis 
may, however, remain quite subjective and 
need careful documentation regarding the 
outliers removed or replaced and the reason-
ing behind the choice. In Paper V, PCA was 

log-transformed biogeochemical data. The 
examination of samples detected as outliers 
in the plots of the first principal components 
revealed that PCA can detect samples 
containing outliers or censored values. This 
indicates that even censored values may dis-
turb PCA and suggests the use of an iterative 
process of data cleaning using PCA and high-
dimensional visualization jointly. One can 
start with PCA, study the detected samples in 
detail using visualization and then decide 
about removal or replacement. This can be 
repeated until both techniques show that the 
distribution of samples has improved signi-
ficantly, while as few as possible useful 
samples have been removed. 
After removal or replacement

used to detect the atypical outliers in the raw 

 of outliers and 
censored values, and prior to multivariate 
statistical analysis, the data should be 
transformed to approach a multivariate 
normal distribution. The choice of trans-
formation type may affect the final outcome 
of the analysis, and one can often see from 
histograms that different elements might 
actually need different types of transfor-
mation. This is still not a thoroughly studied 
topic and the geochemical case studies often 
do not report the choice of data transforma-
tion. For the interpretation of quantitative 
output from multivariate statistical modeling, 
the sensitivity of the numerical analysis to the 
transformation type, ranges of concentrations 
and distribution shape should be estimated or 
at least discussed (this is not needed when 
robust or non-parametric techniques are 
used). For example, Figure 10 visualizes the 
effect of percentile conversion and log-
transformation to the original concentration 
ranges and distribution of values for V in 
cleaned till data. Scaling to percentiles is a 
standardization technique, as the absolute 
differences between the concentration ranges 
of elements disappear and the metals become 
equally important. The percentile conversion 
stretches the data distribution in the middle 
ranges and compresses it in the highest 
ranges. The log-transformation stretches the 
lowest concentration intervals, giving too 
much importance to the low concentrations, 
as illustrated in Figure 10 with the con-
centrations shown in black. The highest 

Figure 11. Point symbol maps  of the Ni con-
tent in till. The class division corresponds to 
quartiles and emphasizes the values over the 
median and the upper quartile (top), and the 
values under the median and the lower quar-
tile  (bottom),  respectively.  Spatial patterns 
are clearly visualized. 
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Spatial mapping 
Assuming spatial continuity between sampled 

limited number of symbol types (only two 

concentration range is compressed regardless 
of the transformation type, while the degree 
of compression depends on the number and 
extremity of the highest values. In Paper III, 
the percentile conversion was applied to 
cleaned till data prior to extraction of multi-
element patterns because the data did not 
exhibit strongly skewed distributions. In 
contrast, the log-transformation was used for 
biogeochemical data (Paper V) because only 
the most extreme of the numerous outliers 
had been removed in the data cleaning step.  

locations, the concentrations of elements are 
often interpolated to predict values between 
the known sample points. Spatial continuity 
can however be visualized without inter-
polation of the point data. Regardless of the 

were available) in the used GIS, testing 
combinations of different scaling, symbol 
size, and color resulted in illustrative maps 
that served their purpose. The emphasis was 
to visualize the desired features and suppress 
the redundant information while all data 
samples were displayed. For moss data in 
Paper III, the scaling was tied to quartiles for 
1995 exhibiting the lowest concentrations 
and most normal distribution and thus taken 
as a reference. An example is given in Plate 
IV for the element vanadium. The choice of 
colors, symbols and class intervals resulted in 
a good presentation of the uncertainty related 
to irregular sampling intervals, whereas 
spatial trends as well as temporal changes 
were revealed. This approach was maybe not 
optimal regarding the choice of quartiles. 
However, the advantage of a uniform scale is 
the emphasis of the temporal differences in 
element levels while maintaining the initial 

 

 

Figure 12. Parallel  coordinate  visualization of  bedrock  data  classified as felsic volcanic rocks 
(light grey shade). The misclassified sample showing relatively high concentrations of V, Al2O3, 
CaO and Fe2O3 (highlighted in dark grey shade), belongs instead to mafic rocks. 
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quality of data. A slightly different scaling 
was applied to map the element concent-
rations in till and biogeochemical data in 
Paper IV and V. Quartiles were used, but 
now to emphasize spatially separated regional 
scale patterns. This was achieved using two 
different maps for each element (Fig. 11), by 
emphasizing the concentrations above the 
median and upper quartile, and below the 
median and lower quartile, respectively. The 
high level of generalization results in three 
discrete classes in both maps. The spatial 
overlap caused by the size of the symbols 
with respect to the sampling density visually 
enhances the spatial continuity of the 
regional features present in the data. At the 

same time, all sampled points are displayed 
on the map. One reason for not interpolating 
the data was the concern that distinct linear 
features, such as the border separating the 
spatial features in the eastern and south-
eastern part of the area in Figure 11, would 
become too smoothed and thus artificially 
change the original patterns in the data. Point 
symbol maps of element contents in biogeo-
chemical samples compared to the levels of 
till samples confirmed the assumption about 
the different noise level in the two sampling 
media (Paper V), pointed out by Zhang et al. 
(1998). One can also discuss whether 
quartiles were the optimal choice for dividing 
the original range of the element distri-

Figure 13. GIS  overlay  of  a  point  symbol map with a simplified  geological map. The point map 
layer emphasizes  the distribution  of Ni concentrations over the median and the upper quartile in 
till samples. These  high concentrations are  related to mafic source  rocks and the offset  towards 
the south from the location of mafic rocks indicates the effect of sub-glacial transport. 
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butions. In general, the visual comparison of 
point maps of six elements yield a qualitative 
estimate of the correlation of patterns in the 
two sample media. The conclusion was that 
the elements Cu, Ni, Co and V exhibit similar 
patterns in the eastern part of the area, 
whereas the distribution of some high 
concentrations of Co, Pb and Zn in the 
biogeochemical data differs a lot from their 
distribution in till. This result agrees with the 
previous conclusion about the different 
behavior of Co, Pb and Zn in biogeo-
chemical samples.  
Point symbol maps of PC scores (Paper IV 
and V) showed t
spatial features, which was the result of a 
careful design of symbols and the interactive 
manipulation of display ranges, as illustrated 
in Plate V. High negative and positive scores 
were emphasized with different symbol sizes 
and contrasting colors, while the scores with 
a value around zero were assigned the 
smallest symbols and light color shades. 
Lowering the display maximum causes the 
scores beyond that value to be displayed with 
the single highest symbol, while the range of 
values between the display minimum and 
maximum is stretched and displayed with the 
full range of symbols. The first two principal 
components extracted from till data were 
interpreted as the fingerprint of mafic rocks 
and of mineralization in felsic volcanic rocks, 
respectively. The interactive manipulation of 
the display range resulted in an approximate 
estimation of the score values related to the 
detected spatial features. This information 
was used in subsequent steps where two rep-
resentative data subsets were extracted - till 
reflecting a mafic origin and till reflecting 
mineralization in felsic volcanic rocks. In 
biogeochemial data, (Paper V) the multi-
element spatial patterns were not as distinct 
and easy to confine as in till data. The 
correlation between the elements was not as 
strong, and a lot of noise and variation in 
biogeochemical data might have blurred the 
more or less continuous regional-scale 
variations. The purpose with spatial mapping 
of PC scores was to detect and separate 
multi-element patterns that are correlated and 
spatially overlapping in both media. Thus, the 

natural origin of some of the patterns in the 
biogeochemical data could be shown with 
results obtained from till geochemical data. 
This approach proved to be successful and 
the two main multi-element spatial patterns 
in till geochemistry could also be recognized 
in the biogeochemical data.    

Visual exploration and ana

 visual exploration of litho-geochemical 
ata (Paper IV) proved to

approach to characterize the element distri-
butions. Histograms are not useful for data 
that consist of several populations. Due to 
non-homogeneity and a low number of 
samples, no outlier or censored values, even 
if present, were removed or replaced in order 
not to decrease the sample support. Note 
that for bedrock samples the variables 
included not only the elements used in the 
other datasets, but also element oxides, 
together with qualitative information (rock 
class), the sample ID, and the spatial 
reference. There were 10 classes of bedrock 
(Plate I), of which two main types were 
investigated in more detail: mafic (class 1 and 
2) and felsic or intermediate volcanic rocks 
(class 9 and 10). For example, a classification 
error became visible among samples of felsic 
volcanic rocks (Fig. 12). Considering the 
number of variables, the detection of this 
error is not as fast and easy using numerical 
analysis techniques. This kind of charac-
terization of bedrock data has a good 
potential for detecting classification errors as 
well as studying the variation in composition 
of rocks in the same class.  
For visual exploration of till and biogeo-
chemical data, the cleaned d
and the values converted to percentiles were 
found to be better suited for visual analysis 
when compared to original concentration 
values (Paper IV and V). Standardization of 
data is important for the visual pattern 
recognition as the element contents are 
displayed with the same scale. Conversion to 
percentiles allowed more efficient use of 
space in graphs and resulted in significant 
improvement in visual comprehension. The 
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detection of spatial patterns was successful 
using interactive brushing, and correlations of 
element contents were visually assessed with 
scatterplots. Plate VI presents a simplified 
illustration of the visual exploration of spatial 
trends. The whole study area is visualized in 
the scatterplot of the first column and second 
row. Brushing the spatial trend of high Pb 
concentrations against the X coordinate (in 
the first column and third row) is highlighted 
in red. The next visible feature in the same 
plot was then brushed and highlighted in 
blue. The spatial location of the highlighted 
samples provided strong evidence of the 
spatial clustering and the variation of high Pb 
in the southeastern and northeastern parts of 
the area. In addition to original or trans-
formed/converted variables, numerical 
results from statistical analysis can be visually 
explored. The outcome from PCA in the 

cleaned dataset and the correspondence of 
the detected principal components with 
spatial patterns in the data was examined in 
detail (Paper IV, V). Thus, after validation 
against the original data, the results of PCA 
were considered appropriate to represent the 
multi-element datasets. The spatial patterns 
detected in the PC score maps were extracted 
by definition of independent brushes (Plate 
VII). This illustration presents the separation 
of the mafic and felsic volcanic rock 
fingerprints represented by PC1 and PC2 in 
the till data. The green polylines and dots 
indicate the identified mafic fingerprint in till 
samples, while the pink color was used to 
highlight the samples associated with minera-
lization in felsic volcanic rocks (see also 
principal component maps in Plate V). The 
approach adopted to extract the spatial multi-
element patterns in till data was first a PCA 

form of PC scores was merged with the and separation of the scores related to stable 

Figure 14. GIS overlay of two symbol point maps: the black dots visualize the distribution of  the 
selected concentration interval of V in till samples, and the transparent square symbols show the 
selected  concentration  interval of  V in  biogeochemical  samples.   The displayed  values  form 
spatially overlapping features in the eastern part of the study area. 
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-
gical maps in Figure 13, showing only mafic 
and felsic volcanic rocks with point symbol 

spatial features, and secondly to use only 
percentile-converted data together with the 
information in point symbol maps to extract 
the same fingerprints (Paper IV). The results 
were comparable and the differences could 
be attributed to spatial information not being 
included in PCA, as well as to some sub-
jective decisions about the brush extent. 
Finally, the effect of outlier removal 
techniques prior to entering PCA on the 
numerical outcomes was assessed using 
visualization in Paper V for biogeochemical 
data. The datasets cleaned by PCA and 

visualization approaches were separately 
input to PCA and the corresponding PC 
scores for the same samples were compared. 
Some differences were found in the score 
values and the signs of the scores for the 
corresponding multi-element patterns, while 
the detected element associations as well as 
element contribution to the principal compo-
nents were almost identical. The scores were 
very well correlated except for approximately 
10 samples that were not spatially clustered. 

Combination of data 
The GIS examples of integrated analysis 
include the visual overlay of simplified geolo

maps of element concentrations in till. This 
facilitated the recognition of spatial 
coincidence of features in till with changes in 
bedrock type, for example the absence of Ni 
concentrations over the upper percentile in 
the southeastern part of the area where felsic 
volcanic rocks are located. Note that the size 
of the symbols has been adapted to the 
sampling density and differs from the maps 
in Figure 11 where use of overlapping 
symbols was intentional to emphasize the 
regional scale of spatial features. Nickel levels 
in till are strongly influenced by the 
occurrence of mafic rocks, however, in the 
northern part of the area this relation does 
not seem to be confirmed. Valuable informa-
tion about glacial history and movement 
within the area can be obtained, for example 
detecting areas of concordance and those 
with no match between the type of 
underlying rock and the metal composition 
of the till cover. Those areas could then be 
studied in detail by using specific design of 
maps that emphasize the spatial patterns as 
well as characterizing the variation in the 
levels of metals. GIS overlays can be made 
directly with two point datasets, for example 
till and biogeochemistry, visualizing all 
samples, but emphasizing only the concent-
ration threshold for spatially overlapping 
patterns (Fig. 14). Doing this for all six 
elements might become time-consuming and 
is not a very easy way to extract information 
on multi-element patterns. Therefore, the PC 

Figure 15. GIS overlay of the maps containing 
principal  component  scores  extracted  from 
till (transparent squares) and biogeochemical 
(black  dots)  data.  The selection  of specific 
display  ranges  enhances  the  visual  recog-
nition of correlated spatial features in the two 
sampling media in the eastern (bottom)  and 
southeastern (top) part of the study area. For 
the  definition  of display ranges, see Discus-
sion and Results. 
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scores extracted separately from till and 
biogeochemistry were overlaid instead. The 
extent of spatial overlap of features detected 
in the distribution of scores could be visually 
assessed (Fig. 15). To facilitate pattern 
recognition, two different symbols were 
assigned to the two sample types and the 
display maximum was interactively decreased 
to emphasize the spatial location of high 
positive scores. Turning directly to a GIS 
without an approximate score limit related to 
spatial patterns could lead to interesting 
patterns in data being overlooked. In the 
visual exploration step, the scatterplot display 
of data helped to establish the relation of 
spatial patterns in percentile-converted ele-
ment concentrations to PC scores in order to 
get a quick estimate of the score levels that 
are related to spatial features (see Plate VII). 
The geochemical baselines and the natural 
variation of elements were quantified using 

spatial patterns detected and extracted from 
the data. This provides a better approxi-
mation of the geochemical landscape than 
both single-element threshold approaches 
and regional approaches using a statistical 
characterization of the whole dataset. The 
locally varying, and thus more accurate, 
information may prove useful to define local 
geochemical baselines and environmental 
guidelines. In the case that these significant 
spatial variations are ignored, the quantifi-
cation of baselines will provide physically 
meaningless measures. It should be noted 
that a flexible definition of the study area is 
necessary, so that spatial features of interest 
are within the area. The study area should be 
enlarged in the direction of glacial 
movements.  
A direct integration of data by merging data-
sets which have the same variables (chemical 

Figure 16. Scatterplot visualization of element levels in combined dataset containing bedrock and 
till samples. The bedrock samples are highlighted in black. 
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elements, spatial coordinates) was performed 
using visualization, where sample ID num-
bers have been modified in order to keep the 
datasets from the different sampling media 
separated. In Paper III, the integration 
consisted of merging three moss datasets (see 
Plate III). Bedrock and till datasets were 
combined in Paper IV (Fig. 16) and then the 
biogeochemical data was also included in 
Paper V. This method has no loss of data, as 
all samples are visualized. The combined 

display helps to relate the absolute concent-
rations of elements in the different sampling 
media (or time) and to visually assess the 
correlations of elements. For example, Co 
seems to be correlated with V in the same 
way in both bedrock and till samples, while 
the scatterplots in the first column in Figure 
16 indicate an overlap of element concent-
ration ranges in bedrock and till. The 
integration of three datasets (Paper V) 
provided information about the differences 

 

Figure 17. Scatterplot  visualization of the inter-quartile  concentration ranges of  Pb and  Cu in 
moss monitoring data for 1990 (dark grey rectangles) and 1995 (light grey rectangles). The dots 
represent  quartile  values (25, 50 and 75%, see Table 3)  and the areas are scaled to the quartile 
variation ranges in three moss datasets (Table 3). The correlation between Cu and Pb differ for 
1990 and 1995 due to significant decrease in the levels of Pb in the 1995 data. 
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in the enrichment of elements in rocks, till 
and stream plants. The possibility to extract 
detailed spatial information is illustrated in 
Plate VIII, where spatially overlapping 
brushes were defined separately to highlight 
high concentrations of V in bedrock samples 
and the levels of V in till of the surrounding 
area. This offers a method to formulate 
queries in both spatial and multi-element 
space. The strength of correlation between 
the element concentrations in the two 
sampling media can be visually estimated, and 
facilitate decisions about the relevance or 
non-relevance of more advanced techniques, 
such as regression analysis, to quantify the 
correlation. Glacial movements are assessed 
by concentrating on the areas where rock 
samples exist and studying the till samples in 
the direction of glacial movements. At that 
stage, only existing samples can be used as 
the spatial extent of different rock types is 
not available. Therefore, the best way is to 
import the information gained from brushing 
into GIS, where a geological map can be 
overlaid and the selected samples visualized 
more efficiently compared to a scatterplot 
matrix. Due to the limitations of the screen 
space, visualization techniques are most 
useful when a large number of samples and 

and validation of the outcome. 

Graphical presentation of data summaries 
and results of numerical analysis 
In Paper III, quartiles of moss datasets were 
compiled into a file and visualized for all 

e relation of the element 
levels in three surveys. In addition, the 
scatterplots of the pairs of elements in Figure 
17 and Plate IX visualize the element cor-
relations in the inter-quartile range and 
especially the temporal differences between 
these correlations.  

variables do not intrinsically facilitate recog-
nition of patterns and correlations. The 
integration of several geoscientific databases 
in visualization is problematic as the size of 
the resulting dataset may increase too much. 
In this case, numerical techniques can be 
applied for dimension reduction and infor-
mation extraction, followed by visualization 

elements and years in one graphical presen-
tation (Plate IX). This novel approach allows 
both a summary and a comparison of the 
three datasets regarding the temporal 
changes. This graph provides the possibility 
to formulate qualitative conclusions as well as 
hypotheses that can be tested by quantitative 
analysis. For example, the changing relation-
ships of elements may refer to changes in the 
composition of input material to mosses. A 
simplified version of Plate IX is shown in 
Figure 17, where only the elements Pb and 
Cu and the years 1990 and 1995 are included. 
Based on this illustration, several conclusions 
can be made. The symmetry or the non-
symmetry of the distribution of concentra-
tions around the median is visible in the 
location of dots depicting the quartiles. The 
inter-quartile range is shown by the shaded 
rectangles. Only Pb in 1995 seems to exhibit 
symmetry of the upper and lower quartile 
around the median. Comparing the two 
elements, the absolute decrease of concent-
rations from 1990 to 1995 is shown in 
scatterplots in the first column and row and 
in the second column and row, respectively. 
The decrease in the levels of Pb is much 
more significant than the decrease in Cu 
concentrations, where the inter-quartile 
ranges of the two years overlap. Note that 
the lowest and highest quartiles of the three 
years define the scales on the axes (for 
numerical reference, see Table 3). While the 
numerical presentation of quartiles provides 
details regarding the absolute levels, the 
graphical way is more efficient to convey 
information about th
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right) reflects their strength of association to 

The second presentation technique 
developed concerns plotting and comparing 
multi-element signatures in geochemical 
datasets (Paper IV and V). Again, quartiles 
are used to summarize the data distribution. 
Figure 18 presents a fingerprint of the mafic 
signature in till, characterized by quartile 
values for all elements in the sample subset 
reflecting this characteristic association of 
elements. The order of elements (from left to 

mafic rocks. In order to relate the extracted 
information to the whole study area, the 
scales of the parallel coordinate plot are 
defined by the 5% and 95% levels of element 
contents in the original till data (1411 
samples), shown by black polylines in the 
figure. The location of the median is also 
indicated by a polyline. What can be 
concluded from this presentation is that the 
influence of mafic rocks to the element 
concentrations in till is truly significant. The 
upper quartiles of the elements Co, V and Ni 
reach the 95% values in the original data and 
only the lower quartile of Pb is under the 
median value of the total dataset. Figure 19 
shows two shaded areas – the multi-element 
fingerprints – which indicate the inter-
quartile range of element concentrations 
related to a spatial feature in the southeastern 
part of the area in till (dark grey), together 
with an overlapping and similar spatial 
feature in the biogeochemical data (light 
grey). The samples belonging to the spatial 
pattern are shown in Figure 15 (top) and the 
quartiles are reported in Table 4. The scales 
in Figure 19 are tied to the 5% and 95% 
values in the original biogeochemical data, 
including 1530 samples. The absolute relation 
of quartiles becomes visible and provides an 
idea of the general abundance of elements in 
the two sampling media. Turning to the 
relation of the element levels in till and 
biogeochemical samples, the fingerprints 
seem to follow each other rather well, except 
for deviations regarding Pb and Zn contents 
in stream plants. Those metals have relatively 
higher quartile values in relation to those in 
till, which might be explained by a general  

Figure 18. Parallel coordinate  visualization  
of the multi-element  fingerprint  of   mafic 
rocks in  glacial till. The brush  (dark  grey 
shade) highlights the inter-quartile  concen-
tration range of elements.  The location  of 
black (poly)lines indicate the 5%, 50% and 
95% values (ppm) in till data (1411 samples). 

E Cu Co Ni Pb V Zn 
25% 18 21 17 22 67 52 
50% 22 23 20 25 74 65 
75% 29 25 26 30 88 83 
SE Cu Co Ni Pb V Zn 
25% 8 11 7 34 34 42 
50% 10 13 8 41 40 51 
75% 12 15 10 48 47 62 

Table 4. Quartile concentrations in ppm of elements in the E and SE subsets extracted from till 
data. 
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Figure 19. Parallel coordinate visualization of the quartile levels of elements in overlapping multi-
element spatial features in the southeastern part of the study  area (see Fig. 15) in biogeochemist 
ry (light grey brush) and till (dark grey brush). The scales   are defined by the 5th and 95th percen-
tile values of elements in biogeochemical data. The multi-element signatures of the two features 
are correlated, except for the levels of Zn and Pb. 

E Cu Co Ni Pb V Zn 
25% 80 67 40 104 213 106 
50% 103 96 51 167 290 253 
75% 129 250 66 286 392 341 
SE Cu Co Ni Pb V Zn 
25% 35 50 19 147 67 244 
50% 42 53 24 226 86 297 
75% 53 60 33 362 111 438 

Table 5. Quartile concentrations in ppm of elements in the E and SE subsets extracted from 
biogeochemical data. 
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enrichment of these elements in organic 
material (Paper V). Another possible use of 
graphical multi-element fingerprints is 
illustrated in Plate X. Two fingerprints of a 
mafic rock signature (green shades) and two 
of a felsic rock signature (pink shades) 
detected in till by two different approaches 
(GIS and IVE) are compared. Both the  
separation of the contrasting fingerprints and 
the differences in the results from the two 
approaches is visualized simultaneously. The 
numerical results are listed in Table 4 and 5. 
The scales correspond to those in Figure 18 
and the fingerprints are discussed in detail in 
Paper IV. 

 CONCLUSIONS 

Simple visualization techniques encourage 
the exploration of multidimensional data and 
can be employed by data domain specialists 
who are not experts in data analysis. 
High-dimensional visualization techniques 
add valuable insight and flexibility to all 
stages of processing multi-element geoche-
mical data: data cleaning, choosing methods 
for map design, validating the outcome from 
numerical analyses, comparing the outcome 
from alternative analysis approaches, and 
presenting the multi-element information in a 
simple graphical form. 
Visualization techniques proved capable of 
maintaining the initial data quality during 
integrated studies of several geoscientific and 
environmental monitoring datasets sampled 
at different times and at different locations. 

The multi-element fingerprint approach that 
combines GIS, visualization and multivariate 
statistical tools was successful in identifying 
and characterizing natural geochemical ano-
malies in biogeochemical data. 
The developed graphical presentations offer a 
simple and effective way to convey complex 
multi-element information. 
The visual approach for integration and 
analysis, presented in the current study, can 
be applied to different qualitative and quanti-
tative geoscientific spatial data types, such as 
geophysical, elevation, land use and remote 
sensing data. 

Future work 
For the analysis of geochemical data, the joint 
use of a number of numerical and statistical 
tools with visualization options and GIS will 
be applied. For example, the outcomes from 
factor and cluster analysis techniques could 
be examined in order to extract stable infor-
mation that has a physical meaning and can 
be interpreted. The numerous case studies 
applying these techniques have shown that 
the choice of parameters has a strongly 
variable effect on the outcome. It is also of 
interest to study geochemical datasets with 
severe censoring problems and try to test the 
flexible replacement of censored values using 
a visualization approach. For the exploration 
of large geoscientific datasets, the hierarchical 
visualization techniques available in 
XmdvTool can be applied when the possi-
bility of including spatial reference has been 

A good approximation of the natural 
variation of chemical elements in the fine 
fraction of glacial till was obtained by identi-
fication and extraction of regional scale 
features representing their multi-element 
signatures.  

investigated.  One issue that needs attention 
is interpolation of point data into surfaces. 
Interpolation methods can be further 
evaluated and tailored with IVE methods, 
with respect to the specific properties of a 
data set. These questions will be addressed in 
future research. 
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Plate I. Simplified geological map of the study area with sampling locations shown as black 
squares (outlined with white in dark shaded areas). 
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Plate II. Parallel coordinate and  scatterplot visualization  of  four-dimensional data  (elements 
Cu, Co, Ni and Pb).   Interactive  brushing  allows selection of a data subset (red lines)  in the 
parallel coordinate display. Dynamic linking of  data views means that the same selection (red 
points) is also displayed in the scatterplot matrix display. The concentration of elements in the 
highlighted samples is visualized in detail in all four dimensions. 
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Plate III. Parallel coordinate display of moss monitoring data from 1985, 1990 and 1995. The 
blue and green polylines and brushes show the  three highest concentrations  of Ni and Cu, 
 and the multi-element composition of the samples including these values. Yellow polylines 
highlight a group of  samples with very high  concentrations of  V related to the 1995 survey.  
The spatial clustering and multi-element signature of these samples suggest a presence of a 
point so of pollution. urce 
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Plate IV. Spatial distribution of V concentrations in moss for 1985, 1990 and 1995. The sampled 
locations differ  between  the three years,  and class division is related to quartile values in the 
1995 data, except for class 5 which includes all concentrations higher than 5.5 ppm. Numerical 
data are presented in Table 3. 
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Plate V. Symbol point maps of the distribution  of the scores of the first two principal compon-
ents extracted from till data. The chosen score intervals together with symbol types, sizes and 
shades emphasize  the  presence  of  spatial  patterns  in  the distribution  of high positive and 
negative scores.  
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Plate VI. Scatterplot visualization illustrating  exploration of spatial patterns in data with the 

ectively. 

help of brushing. The  percentile-converted concentrations of Pb form spatial features in the 
scatterplot of  Pb against the  X coordinate  (in the first column and third row). The samples 
belonging to two  spatial  features related to high  concentrations of Pb in the eastern part of 
the study area are highlighted in red and blue, resp
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Plate VII. Parallel  coordinate and scatterplot  illustration  of the separation of till data  subsets 
containing  representative samples  associated  with  the two  first principal  components.  The 
green polylines and points show high positive scores of PC1 while the pink ones show the high 
positive scores  of PC2. In addition to PC scores the scatterplot matrix presents the percentile
converted concentrations of the chemical elements.  The scatterplot  in the  first  column  and
second  row  displays  the location of samples within the study area. The highlighted samples
form distinctive spatial clusters. 

-
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Plate VIII. Scatterplot and parallel coordinate visualization of a spatial query in combined 
bedrock and till data. The numerical ID values (the first variable) are used to separate the 
samples from  the two  media. The red  polylines  and points  show  five spatially grouped 
samples with high concentration of V in mafic rocks. The blue polylines and points  show  
all samples of till within the vicinity of highlighted rock samples. The multi-element comp-
osition and element levels in the highlighted samples illustrate the relation of absolute con-
centrations  of the  elements  in the two sampling media. Lead in the till samples does not  
seem to be derived from mafic rocks within the highlighted area. 
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Plate IX. Scatterplot matrix of quartile values of elements in moss samples from 1985, 1990 and 
995). 

ile 
ss 

1995. Years are indicated by  the shades  of color from the lightest  (1985)  to the darkest (1
Points represent quartile  values and  rectangles  inter-quartile ranges.  In the right column or 
bottom row,  the relation between  years and  the corresponding  color coding of  the  quart
values can be seen. The scales are defined by the  lowest  and highest  quartile values in mo
data from the three surveys. 
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Plate X. Parallel  coordinate  visualization  of  the  multi-element   fingerprints  in  glacial till, 
extracted by two approaches. The colored brushes  visualize  the inter-quartile ranges  of ele-
ment  concentrations.  The  green  brushes  visualize the fingerprint of mafic  rocks  and  the 
pink brushes  the  fingerprint  related  to  mineralization in felsic volcanic  rocks. The  darker 
colors show the outcomes  from visualization  while the  light  colors refer to outcomes  from 
PCA. The location of three grey (poly)lines indicate the 5%, 50% and 95% values (ppm) in till 
data (1411 samples). 
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