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Managers of landfill sites are faced with enormous
challenges when attempting to detect and delineate
leachate plumes with a limited number of monitoring wells,
assess spatial and temporal trends for hundreds of
contaminants, and design long-term monitoring (LTM)
strategies. Subsurface microbial ecology is a unique source
of data that has been historically underutilized in LTM
groundwater designs. This paper provides a methodology
for utilizing qualitative and quantitative information
(specifically, multiple water quality measurements and
genome-based data) from a landfill leachate contaminated
aquifer in Banisveld, The Netherlands, to improve the
estimation of parameters of concern. We used a principal
component analysis (PCA) to reduce nonindependent
hydrochemistry data, Bacteria and Archaea community
profiles from 16S rDNA denaturing gradient gel electrophoresis
(DGGE), into six statistically independent variables,
representing the majority of the original dataset variances.
The PCA scores grouped samples based on the degree
or class of contamination and were similar over considerable
horizontal distances. Incorporation of the principal
component scores with traditional subsurface information
using cokriging improved the understanding of the
contaminated area by reducing error variances and
increasing detection efficiency. Combining these multiple
types of data (e.g., genome-based information, hydrochemistry,
borings) may be extremely useful at landfill or other LTM
sites for designing cost-effective strategies to detect and
monitor contaminants.

Introduction
The cost of waste disposal does not end with the construction
and filling of landfills but continues with the operation of
long-term monitoring (LTM) and possible remediation

systems that last 30 years or more after site closure. Landfills
are the primary mechanism of municipal solid waste disposal
in most developed nations, with the U.S. and Europe placing
over 100 million tons into landfills each year (1, 2). Since
1990, over 6000 disposal sites have been closed in the U.S.
and Europe alike (1, 2). Many of these historic landfills are
unlined and poorly sited and, as a result, constitute the second
largest pollutant source to groundwater in the U.S. (3). In an
ideal LTM application, landfill owners would measure
relevant in situ parameters at optimal locations and depths;
early detection of contamination within site boundaries
would result in significantly decreased risks, cleanup costs,
and remediation time (4). Unfortunately, quantitative in situ
detectors have not been developed that measure many
chemical species, and the number of landfill detection wells
are typically limited, reducing detection efficiency.

One improvement to LTM strategies is to utilize multiple
types of data (e.g., water chemistry or soil structure) to
increase knowledge and reduce uncertainty associated with
estimating relevant parameters of concern (e.g., plume
concentrations, hydraulic conductivities). Subsurface mi-
crobial ecology is a unique source of data that has been
underutilized in groundwater LTM schemes. Organism
distribution, type, and abundance can provide insight into
plume geochemical evolution, drivers of oxidation and
reduction reactions, and the potential for attenuation (see
refs 5-8). Monitoring microbial communities at an ecological
scale provides valuable information that may not be detected
using traditional hydrochemical analysis, resulting in lower
human health risks and/or decreased LTM costs (9). For
example, Maymo-Gatell et al. (10) and Seshadri et al. (11)
have isolated and sequenced the bacterium Dehalococcoides
ethenogenes, responsible for dechlorinating tetrachloroethene
(PCE) to the nontoxic ethene. Monitoring the distribution
and abundance of this bacterium when PCE concentrations
are reduced to slightly below analytical detection limits may
increase monitoring efficiency.

Of the two broad categories of microbial community
profiling, nonmolecular and molecular, the genome- or
molecular-based methods, such as 16S rDNA/rRNA poly-
merase chain reaction (PCR) (see refs 12-14 for further
explanation), are being incorporated into the analysis and
solution of environmental engineering problems. These tools
provide exciting opportunities for obtaining microbiological
information at multiple scales that range from identifying
individual taxa responsible for specific chemical reactions
(11, 15) to the development of broad community profiles
involved in major geochemical processes occurring within
or outside a contaminated groundwater plume (16). For the
specific purpose of improving our understanding of the
physical processes and the corresponding complexities
associated with subsurface contamination, however, ge-
nome-based information must (i) represent the organisms
that are responding to changes in their living environment,
(ii) exhibit spatial structure/correlation across regions or
scales of interest, and (iii) quantitatively and/or qualitatively
describe the community of interest in ways that advance
geostatistical estimation of parameters of interest. Associa-
tions between microorganisms and their surrounding sub-
surface environment have been shown previously (16-18)
as have the spatial correlation of microorganisms at several
experimental scales (19-23). Yet, the incorporation of this
valuable microbial-based information into existing geo-
statistical estimation techniques for the purpose of improving
our understanding of subsurface properties has not been
well-researched.
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To utilize microbial profiles in geostatistical methods for
estimating subsurface concentrations, these data must first
be converted from a categorical response such as presence/
absence, intensity, density, phylogenic tree, or similarity
matrix to an appropriate measurement or classification. We
present a method for reducing dependent hydrochemical
and microbial data (16S rDNA denaturing gradient gel
electrophoresis (DGGE) profiles of Bacteria and Archaea)
collected from a landfill leachate-contaminated aquifer into
independent variables using principal component analysis
(PCA). The principal components exhibit spatial structure,
are correlated to other subsurface parameters along a cross-
section of interest, and are incorporated as a traditional type
of LTM data for geostatistical estimation and site manage-
ment. PCA has been used alone for the analysis of microbial
data (18, 24-26). It has also been used in tandem with
geostatistical methods for classification and prediction of
environmental data (21, 22, 27-29). The objective of this
paper is to go one step further and show the potential for
using microbial information: (i) as a sentry or early warning
signal when combined with hydrochemical information and
(ii) as secondary data for the purpose of improving subsurface
parameter estimates and reducing uncertainty associated
with subsurface site characterization.

Materials and Methods
Site Background and Available Data. The Banisveld landfill,
a 6 ha unlined waste disposal site near Boxtel, The Neth-
erlands (Figure 1a) operated in a 6 m deep sand pit underlain
by an 11 m groundwater aquifer between 1965 and 1977.
Although the majority of waste was characterized as mu-
nicipal or household garbage, aromatic hydrocarbons such
as benzene, ethylbenzene, xylenes, and naphthalene were
detected at several monitoring locations (30). In 1998,

contaminated groundwater was delineated, and monitoring
well samples were found to have a slightly acidic pH, high
concentrations of alkalinity and dissolved organic carbon
(DOC), a variety of ions, and petroleum byproducts at
concentrations above drinking water limits (30).

Van Breukelen (30) characterized the horizontal extent of
the Banisveld landfill leachate plume using an extensive
electromagnetic survey, EM-34, with 10 m horizontal and
vertical intercoil loop spacing. The vertical extent of the
leachate plume was delineated across transect A-A′ using
electrical formation conductivity measurements from eight
detailed cone penetrometer borings (C1-C8) in the direction
of groundwater flow (Figure 1b) (30). Groundwater is
estimated to be flowing at approximately 4 m/year in a
northerly direction (30). The horizontal extent of the plume
was identified at distances up to 80 m from the landfill
footprint, while the vertical extent was estimated between 4
and 9 m below the ground surface (Figure 1b). The electrical
conductivity of the subsurface (soils and groundwater) has
been used elsewhere to map in situ leachate contamination
(32, 33) because landfill leachate typically exhibits high
conductivity (low electrical resistivity) (34). Observation wells
were installed at 11 locations (-200, 0, 6, etc.), and sampling
points were placed at multiple depths (a, b, c) within the
observation wells for a total of 29 monitoring locations
across transect A-A′ (Figure 1b). Monitoring locations were
characterized as clean or contaminated by Van Breukelen
(30).

The groundwater monitoring data for this case study were
collected in September 1998 and used previously to relate
water quality and the microbial ecology of the leachate plume
(17). Hydrochemical data consisted of 24 variables (alkalinity,
pH, electrical conductivity (EC), Cl, Na, K, Ca, Mg, NH4, NO2,
NO3, Mn(II), Fe(II), SO4, H2S, Si, Al, H2, benzene, toluene,

FIGURE 1. Location of the Banisveld landfill. (a) Location of the transect in the direction of groundwater flow and (b) cross-section of
transect with sample classification (clean or contaminated). Circles represent monitoring locations and vertical bar represent boring
locations.
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ethylbenzene, xylene, naphthalene, and dissolved organic
carbon (DOC)) and 16S rDNA microbial communities (PCR-
DGGE profiles) of Bacteria and Archaea taken from 29
locations within, upgradient, and downgradient of the landfill
(Figure 1b). Specific details of sampling procedures and
analysis may be found elsewhere (17, 30, 31, 35), but briefly,
methods used to produce PCR-based fingerprints are de-
scribed as follows. Groundwater samples were taken from
their natural environment using a peristaltic pump; samples
were pelletized by vacuum filtering and centrifuging; DNA
was isolated using a purification kit; the 16S rDNA gene was
amplified to a measurable concentration using PCR; and the
amplified DNA was visualized using DGGE. In DGGE, the
amplified DNA was subjected to a denaturing gradient that
spread DNA across a gel based on its nucleotide sequence.
The Bacteria and Archaea DGGE images were processed using
Gelcompar software (v. 4.0, Applied Maths) in a band-
independent manner by dissecting the profile into 400 equally
spaced intervals. The pixel intensities for the intervals were
used to calculate the Pearson product moment correlation
coefficient (17). This method was not dependent upon
manual band assignments and is less sensitive to variations
in the amount of PCR product (36). By targeting specific
groups of organisms, in this case Bacteria and Archaea, the
PCR amplification process is limited to organisms that fall
only within those domains. A discussion of the benefits and
limitations of PCR-based rDNA/rRNA methods is beyond
the scope of this paper but can be found in detail elsewhere
(12-14).

Multivariate Data Analysis. Principal component analysis
(PCA) is a multivariate statistical technique used to (i)
transform a set of interrelated variables into statistically
independent variables (termed eigenvectors or principal
components) and (ii) gain insight into the relationships
between variables. When variables are correlated, PCA is
useful in reducing the data to a smaller number of orthogonal
linear combinations, and a large proportion of the dataset
variance may be accounted for in a few principal components
(37). However, if variables are uncorrelated, approximately
the same number of principal components as variables will
be needed to describe the dataset variation. We used PCA to
detect the structure and produce statistically independent
qualitative variables for three types of data from the Banisveld
landfill: hydrochemistry and 16S rDNA DGGE profiles of
Bacteria and Archaea. The PCA of these three types of data
allow us to combine a large amount of information into a
reduced number of principal components without losing
much of the information and provide insight into what may
be responsible for the similarities between the groundwater
samples.

For this analysis, a separate PCA was performed on each
type of data (hydrochemistry, Bacteria, and Archaea). When
hydrochemical variables did not meet normality require-
ments, we applied a logarithmic transformation (log(1 + x))
to improve the distribution before statistical analysis. Cor-
relation coefficients from processed DGGE gel images of
Bacteria and Archaea were used in the microbial principal
component analyses. These multidimensional variables, or
principal components, may then be used in spatial mapping
to estimate hydrochemical or microbial community principal
component scores at unsampled locations for characterizing
the zone of contamination and to combine multivariate
descriptions of hydrochemistry, Bacteria, and Archaea with
other types of subsurface data to model joint spatial
distribution and confidence (defined as error variances) at
unknown locations.

Spatial Data Analysis. Geostatistical methods for de-
scribing and interpolating spatially correlated data take
advantage of the common observation that, on average,

values closer together in space will be more similar than
those further from each other. The steps in applying these
methods include developing analytical models that describe
the spatial variation between pairs of spatially or temporally
related samples and then using these models to estimate
sample parameters and their error variances at unknown
locations. Although originally used in the geological sciences
(38), geostatistics has also been frequently applied in
agricultural and ecological sciences (i) to evaluate spatial
dependence of subsurface properties and/or ecological
communities or (ii) for interpolation of these parameters
(25, 26, 29, 39-45).

To gain an understanding of the spatial structure,
experimental data were binned into lag distances with
approximately the same number of data; and semivariogram
values were calculated for each bin (denoted by individual
points shown in Figure 2) using MATLAB version 6.1
(MathWorks, Inc, Natick, MA). We selected a given form (e.g.,
spherical, Gaussian) for the analytical model and fit the model
parameters (i.e., range, sill, nugget) to the experimental
variogram using nonlinear model fitting functions in JMP
statistical software (SAS Institute Inc., Cary, NC) (see refs 41
and 46 for details on calculating semivariance, common
variogram models, and model fitting). At large separation
distances between pairs of data points (h of Figure 2a), the
analytical models oscillate around a plateau known as the
sill. The separation distance beyond which no spatial
correlation exists and estimates of covariance values remain
essentially constant is called the range. If data are discon-
tinuous near the origin due measurement error or spatial
correlation occurring at distances smaller than the sample
interval, semivariograms sometimes exhibit a nugget effect
and jump from the origin to some y-intercept or initial error
variance (45).

Experimental directional semivariograms with fitted
models were developed for monitoring locations [samples
located at -200 m upgradient of the landfill were not used
in the kriging and cokriging estimates because of their
distance from the transect of interest, and PCR results for
Archaea were negative in 7 monitoring locations] leaving a
total of 26 hydrochemistry samples, 26 Bacteria profiles, and
19 Archaea profiles for estimating the spatial structure
associated with the first two principal components (Figure
2a-c). Semivariograms were also fit to electrical conductivity
measurements in the vertical direction and over the transect
A-A′ to estimate the spatial structure in the vertical and
horizontal directions, respectively.

Cross-semivariograms provide information about the
spatial distance over which pairs of variables are related.
Oftentimes, cross-semivariograms are developed between
two parameters where one (termed hard or primary data) is
the more quantitative, difficult, and/or costly in terms of
time or expense to obtain, while the other (termed soft or
secondary data) is often more qualitative, less expensive, or
easier to measure on-site. At the Banisveld site, electrical
formation conductivity measurements collected from eight
cone penetrometer borings, spaced approximately every 10
m along the horizontal transect A-A′ and approximately every
0.03 m in the vertical direction, were treated as primary data.
Cross-semivariograms were fit between electrical formation
conductivity measurements (primary data) and the first PC
(PC1) for hydrochemistry, Bacteria, and Archaea (secondary
data) using MATLAB version 6.1 (MathWorks, Inc, Natick,
MA).

The kriging methods use a linear regression technique to
estimate a parameter and the uncertainty or error variance
associated with the parameter at unsampled locations (46,
47), thereby producing an estimate that minimizes the error
between surrounding know values and unsampled location
in an unbiased way. In ordinary kriging, the estimate at some
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arbitrary point based on n measured (surrounding) values
is given as

where vi are the surrounding measured (observed) values.
The weights wi are selected such that the estimate is unbiased
(E[v̂ - v] ) 0) and has a minimum variance (E[v̂ - v]2 is
minimum). Spatial interpolation is optimized by encapsulat-
ing the spatial correlation of samples in the variogram
functions. The variogram functions provide a means for
computing a vector of kriging weights (wi of eq 1)

where C is a covariance matrix developed using the spatial
structure (semivariogram/cross-semivariogram) and the
distance between measurements, and d is a vector involving
the variogram and the distance between sample locations
and the (unknown) estimation point. To ensure an unbiased
estimator, we imposed the condition that the weights wi sum
to 1 (see ref 48 for details). The variance of the estimation
error for unsampled locations may be calculated as

variance at the unsampled location, σ2 is the sample variance,
and λ is the Lagrange parameter.

The linear system of ordinary kriging equations and
associated error variance (eqs 2 and 3) was developed, solved,
and plotted in MATLAB version 6.1 (MathWorks, Inc, Natick,
MA) for each point over the vertical transect A-A′ at which
an estimate was required. (For more detail on their derivation
and assumptions, see ref 38). Ordinary cokriging was
performed with WinGslib version 1.03 (Statios LLC, Stanford,

CA) to produce estimates and error variances between
primary and secondary variables. Note that the quality of
the kriging weights (and therefore, of the interpolation and
estimate of the variance of error) depends on the model
selected to represent the variogram.

Results and Discussion
Principal Component Analysis. The percent of variance
explained in the first two principal components (PC1 and
PC2) was quite high for each of the three data types
(hydrochemistry: PC1 ) 57% and PC2 ) 14%; Bacteria: PC1
) 48% and PC2 ) 20%; Archaea: PC1 )68% and PC2 ) 18%).
This implies that the majority of the information (68-86%)
may now be represented with two new variables, PC1 and
PC2, that are uncorrelated, linear combinations of the original
variables. Figure 3 illustrates how the reduced principal
components may be used to separate samples into two
classes, clean or contaminated. For hydrochemistry and
Bacteria, the higher the PC1 score, the more contaminated
a sample location. The contaminated Archaea samples
grouped positively, while the clean samples grouped nega-
tively along the PC1 component axis. Archaea had complete
separation between the type of sample (clean vs contami-
nated) within PC1, while hydrochemistry had separation with
both PC1 and PC2; see Figure 3, panels c and a, respectively.
The clean and contaminated Bacteria samples were not fully
separated within the first two principal components; however,
there is a clustering of clean and contaminated samples along
these components (Figure 3b). The grouping and/or separa-
tion of clean and contaminated samples is extremely useful
from a management or regulatory standpoint. Rather than
focusing on a particular constituent as an indicator of
pollution, which is often misleading due to the sheer number
of potential contaminants at landfill sites, sample parameters
may be combined to form new variables that are definitive
indicators of pollution for any location along the transect.
This type of comparison requires that samples be taken from

FIGURE 2. Experimental semivariograms and fitted models for (a) hydrochemistry, (b) Bacteria, and (c) Archaea. The first principal
components (PC1s) are on the top row, and the second principal components (PC2s) are on the bottom row.
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both clean (preferable up- and downgradient) and contami-
nated monitoring locations.

The hydrochemistry principal components give insight
into what constituents are driving the separation of clean
and contaminated samples, similar to a gradient or iso-
contours. Hydrochemistry PC1 scores correlate positively to
toluene, DOC, alkalinity, EC, NH4, Ca, K, Cl, Na, and Mg,
while PC2 scores correlate positively to ethylene, xylene,
naphthalene, and Si and negatively to Fe(II) and Mn(II). The
second PC primarily separates contaminated samples taken
within the landfill (0a and 0b) from contaminated samples
in other portions of the groundwater plume.

The principal component scores for the microbial com-
munity profiles offer landfill managers additional insight to
organisms that have adapted to surrounding environmental
stressors. For example, the first principal component for
Bacteria correlates positively to microbial communities
common between contaminated samples and correlates
negatively to communities common between clean samples,
with some overlap between the two groups. For PCA scores
where clean samples cannot be distinguished from con-
taminated samples (Figure 3b), it is interesting to note that
4 of 11 monitoring locations are below the characterized
plume, in particular, along the fringe or boundary of the
highly contaminated areas (see 0c, 21c, 39c, and 58c of Figure
1b). The second principal component for Bacteria represents
uniqueness within the community structure or differences
among organisms within each class.

The first principal component for Archaea separates
samples into clean and contaminated groups, with positive
correlation for contaminated samples and negative correla-
tion for clean samples based on their communities (Figure
3c). The clarity of this separation is not surprising as Archaea
are a taxonomic group that typically flourish in more extreme
environments; therefore, we might expect only samples
within the landfill or those that have been in contact with
leachate to contain a diverse Archaea community. The second
principal component of Archaea indicates slight structural
differences among classes. As was the case with Bacteria, the
grouping of Archaea samples located within the landfill (0a
and 0b) with other contaminated samples suggests a common
core community for all contaminated locations, regardless
of their position within the plume.

PCA is often used to determine which variables are
important for explaining dataset variance and which variables
could potentially be dropped from the sampling scheme,
resulting in a decrease in LTM costs without a significant
increase in unexplained variance. While this example does
not highlight this attribute of a PCA, as more than 67% (or
16 of 24) of the hydrochemical parameters were highly
correlated to the first two principal components, it may be

extremely useful at landfill sites to address which of the
typically 100+ sampled constituents are not contributing to
knowledge of contamination. In addition, there is likely a
minimum set of microbial communities represented here as
DGGE bands that are contributing to the PCA separations
that may be addressed with additional statistics and/or image
processing algorithims. For example, a discriminant analysis
conducted with hydrochemistry and most probable numbers
based on Eco-BioLog substrate utilization (35) (Biolog Inc,
Hayward, CA) taken at a later date from the sample locations
revealed that three hydrochemical compounds (Fe, Mg, and
CH4) and three carbon substrates indicative of microbial
utilization (Glycogen, Glycyl-L-glutamic acid, and D-malic
acid) separated clean and contaminated sample locations
100% of the time (data not shown).

Geostatistical Analysis. Semivariograms developed for
the first principal component for hydrochemistry, Bacteria,
and Archaea had relatively good model fits (R2 between 0.804
and 0.947) and were significant at the R ) 0.01 level (Table
1). All three show some discontinuity at the origin and
horizontal correlation distances between 40 and 50 m (see
Figure 2 and Table 1). The second principal components
had noticeable discontinuities at the origin resulting in large
nugget effects, and small horizontal spatial correlation (Figure
2 and Table 1). The PC2s were not used in the geostatistical
analyses because they explained only a small portion of the
variance as compared with PC1 (14-20%, see Figure 3) and
had relatively poor model fits (R2 between 0.026 and 0.709,
prob > F between 0.0087 and 0.7313; see Table 1). Variograms
developed in the vertical direction for individual electrical
formation conductivity borings (C2-C8) showed highly
significant fits (R2 > 0.97, p < 0.0001), while the variogram
developed across the transect A-A′ for all electrical formation
conductivity borings showed a moderate fit (R2 ) 0.575) due
to the natural soil heterogeneities (see Table 1). Cross-
semivariograms developed between electrical formation
conductivity (primary data) and the first principal compo-
nents of hydrochemistry, Bacteria, and Archaea (secondary
data) showed spatial correlations between 20 and 30 m and
moderate model fits (R2 between 0.536 and 0.641) (see Table
1). Combining electrical formation conductivity (data range
of 0-100 mS/m) and principal component scores (data range
of -6 to 6) required data transformation and standardization.

It is rare that municipal landfills have a sufficient number
of detection or LTM wells for estimating primary data for
geostatistical applications. Landfills usually have less than
10 LTM wells located across large areas (>10 ha). A suggested
rule for variogram development is at least 30 sample pairs
per experimental semivariogram point or greater than 25
monitoring locations (38). The number of data for the
Banisveld site [19-26 monitoring locations and eight CPT

FIGURE 3. The variance contributed by the first and second principal components (PC1 and PC2) are plotted along the horizontal and vertical
axes, respectively.
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borings with sampling at 0.03 m intervals in the vertical
direction for transect A-A′] is unique and would not typically
be found at historic landfill sites unless research or extensive
remediation had taken place. We must point out that there
is very likely small-scale microbiological correlation occurring
at intervals less than the distances between these horizontal
monitoring locations (<10 m) that cannot be detected with
this data set. While it may be difficult to obtain reliable
estimates from small sample sets, geostatistics can be applied
to undersized data sets provided caution is used during
development and interpretation. Other sources of data (e.g.,
grain size) or knowledge of similar sites can be used to
supplement sample information and can be especially use-
ful in identifying soil layering or large changes in hori-
zontal and vertical (anisotropic) conditions that are other-
wise not visible. Because of the near continuous vertical
sampling density at this site, semivariograms developed in
the vertical direction for electrical formation conductivity
indicate vertical spatial correlations between 5 and 9 m and
horizontal spatial correlations of 50 m, suggesting that
parameters associated with the electrical formation con-
ductivity may exhibit a 5:1 or greater horizontal-vertical
spatial scaling effect.

Electrical formation conductivity measurements from
cone penetrometer borings were used as our ground truth
and were plotted for transect A-A′ with red colors indicating
contaminated areas and dark blue colors representing clean
locations (Figure 4a). Given the spatial relationships defined
by semivariograms, ordinary kriging was used to produce
estimates of the first principal component for hydrochem-
istry, Bacteria, and Archaea along the transect A-A′ (Figure
4b-d). The estimates of PC1 for hydrochemistry and Archaea
show good contrast between clean and contaminated zones
(Figure 4b,d), with remarkable similarity to ground truth
measurements, particularly in the vertical direction. Estimates
of PC1 for Archaea depict a similar contaminated zone as
estimates of PC1 for hydrochemistry, although only 19
samples (vs 26 for hydrochemistry) were used (Figure 4d).
We would expect a clear distinction between clean and
contaminated zones due to the excellent separation of
Archaea along PC1 (Figure 3). This is an indication that the
core community of Archaea, originating within the landfill
or from leachate-contaminated groundwater, will be present
for any groundwater that has been in contact with the
leachate.

In contrast, the estimates of PC1 for Bacteria appear to
be more useful for describing the size of the fringe effect,
with a wider and longer zone of higher PC1 for samples
outside the characterized plume (Figure 4c). The PCA has
identified similarities of the DGGE Bacteria profiles that may
be indicative of organisms adapted to biogeochemical
processes occurring at the lower (vertical) plume fringes that
are not detected with other methods (e.g., electrical formation
conductivity, hydrochemistry PC1). We believe that the wider
plume reflects fringe effects, a result that could mean
increased efficiency and sensitivity for detecting and delin-
eating edges of plumes. However, an alternative explanation
is that these effects are solely a result of increased variability
in Bacteria profiles in general. Additional research for this
application may indicate that as a broad ecological measure,
Bacteria communities respond quickly to changes in ground-
water quality along the base and front edges of the plume.

The electrical formation conductivity data (primary data)
and the first principal components of hydrochemistry,
Bacteria, and Archaea, respectively (three separate sources
of secondary data), were combined in a cokriging model to
compare the parameter estimates and error variances
produced with ordinary kriging of electrical formation
conductivity alone (Figure 5a-d). The use of highly resolved
electrical conductivity measurements (on the order of 3 cm
spacing) provide more fine-scaled parameter estimates than
the screened monitoring locations along the vertical extent
of transect A-A′. This is particularly evident when comparing
concentration estimates in the 55-85 m range of Figures 4
and 5. In practice, it is common to characterize the landfill
leachate using a select suite of contaminants of concern (i.e.,
by creating a series of individual concentration plumes).
However, principal component scores (Figure 4b-d) are a
combination of many variables (e.g., 24 hydrochemical
parameters) representing multiple attributes of the leachate
contamination. The addition of the secondary data at 21 m
downgradient provided lower estimates of electrical forma-
tion conductivity in all three maps (Figure 5b-d), causing
a shorter (horizontal) and slightly wider (vertical) source
plume between 10 and 20 m.

By combining primary and secondary data in a cokriging
model, error variances were reduced by as much as 25%
using the first PCs, which account for 48-68% of the variance
in the data (Figure 6a-c). Because the hydrochemistry data
are similar in type to electrical formation conductivity, we

TABLE 1. Semivariograms and Cross-Semivariograms for Hydrochemistry, Bacteria and Archaea PCs, and Electrical Formation
Conductivitya

data type model type nugget sill range (m) nugget effect (nugget/sill) R 2 prob > F

Semivariograms
hydrochemistry PC1 Gaussian 5 22 50 0.23 0.947 <0.0001
Bacteria PC1 spherical 6 15 40 0.40 0.804 0.0062
Archaea PC1 spherical 9 18 40 0.50 0.844 0.0035
hydrochemistry PC2 Gaussian 2.5 5 30 0.50 0.709 0.0087
Bacteria PC2 spherical 4.5 5 10 0.90 0.026 0.7313
Archaea PC2 spherical 1.7 2.3 10 0.74 0.068 0.4657
formation conductivity spherical 170 950 50 0.18 0.575 0.0027
C2 formation conductivity spherical 0 116 0 9 0 0.998 <0.0001
C3 formation conductivity spherical 0 148 5 0 0.971 <0.0001
C4 formation conductivity Gaussian 0 725 3 0 0.986 <0.0001
C5 formation conductivity spherical 0 424 6.3 0 0.988 <0.0001
C6 formation conductivity spherical 0 422 6 0 0.993 <0.0001
C7 formation conductivity spherical 0 258 4.3 0 0.995 <0.0001
C8 formation conductivity spherical 0 644 5.7 0 0.982 <0.0001

Cross Semivariogramsb

formation conductivity and HChem PC1 Gaussian 2 28 30 0.07 0.636 0.0100
formation conductivity and Bacteria PC1 Gaussian 3 28 20 0.11 0.536 0.0247
formation conductivity and Archaea PC1 Gaussian 3 28 20 0.11 0.641 0.0054

a Columns 1-6 indicate data type, model type, nugget, sill, range, and nugget effect, respectively. The model fit and significance are indicated
by the regression coefficient, R2, and the prob > F, respectively. b Denotes data that were standardized.
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would expect the addition of the hydrochemistry PC1 in a
cokriging model to be the most useful in reducing uncertainty
(Figure 6a). It is exciting to note, however, that the microbial
data (Archaea and Bacteria PC1) lower error variances up to
10 and 15%, respectively, at many locations across the transect
(Figure 6c,d). For this study, the nature of the DGGE data did
not lend itself to a collective PCA analysis. In future studies,
however, it may be possible to combine multivariate data
types (hydrochemistry, Bacteria, and Archaea profiles) in a
collective PCA analysis with the expectation that organisms
might be grouped with their associated hydrochemical
parameters (i.e., PC1 might represent microorganisms re-

sponsible for the degradation of several monoaromatic
compounds and the associated constituents). This could lead
to the integration of molecular fingerprinting information
with geostatistical analyses for predicting contamination
along regions of concern (i.e., boundaries, plume edges),
assessing remediation strategies, or developing a more cost-
effective method of monitoring.

In this case study, we combined multivariate data of
groundwater hydrochemistry, Bacteria, and Archaea com-
munity profiles from the Banisveld landfill (The Netherlands)
into principal component variables. The PCA of hydrochem-
istry, Bacteria, and Archaea demonstrates that combining

FIGURE 4. (a) Electrical formation conductivity measurements for soil borings at the Banisveld landfill. Warm colors (e.g., green, red (>50
mS/m)) correspond to leachate contaminated groundwater, while cool colors (e.g., blue (<10 mS/m)) designate clean areas. Ordinary
kriging estimates for the first principal components of (b) hydrochemistry, (c) Bacteria, and (d) Archaea. Black circles represent monitoring
locations.

FIGURE 5. Comparison of (a) ordinary kriging estimates of electrical formation conductivity to cokriging estimates of electrical formation
conductivity using the first principal component of (b) hydrochemistry, (c) Bacteria, and (d) Archaea. Black circles represent monitoring
locations, and black lines represent boring locations.
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multiple chemical measurements and/or microbial profiles
into a reduced set of principal component scores can
effectively describe a relative degree or class of contamination.
The first principal components for both hydrochemistry and
Bacteria appear to be indicators of a pollution gradient, with
contaminated samples having high PC1 scores and clean
samples having low PC1 scores, whereas the first principal
component for Archaea is useful for separating and classifying
clean and contaminated sample locations. Bacteria PC1
describes microbial structures that may be related to the
fringe or plume boundary effects. This PCA analysis offers
the managers of LTM sites several benefits since leachate-
impacted groundwater can consist of hundreds of organic
and inorganic contaminants, individually depicting a separate
concentration plume changing with space and time. By
describing the water quality in general terms, managers have
the ability to (i) combine large datasets into variables that
represent the relative amount of contamination across a site,
(ii) determine on a site-specific basis which parameters are
useful for distinguishing between clean and contaminated
areas of groundwater, and (iii) map the shape and direction
of a general concentration plume across a transect of interest.

We illustrate that multidimensional principal component
variables produced from hydrochemical and/or microbio-
logical data are spatially correlated and can be used with
geostatistical techniques to classify or predict contamination
at unsampled locations and improve estimates of contami-
nation at landfill sites. Microbiological community profiles
provide an extremely valuable source of information at LTM
sites. When groups of organisms specific to a contaminated
environment are targeted (e.g., Archaea), microbial profiles
can be used in a manner similar to more traditional data
sources for mapping the extent of groundwater contamina-
tion. This is not to say that microbiological profiles can at
this point in time replace the monitoring of hydrochemical
constituents. Instead, we suggest that combining microbial
and hydrochemistry information in a long-term monitoring
strategy may provide a more sensitive measure of contami-
nation and contribute to reducing uncertainties at under-
sampled locations. We also hope that as the field of

environmental microbiology evolves, the direct monitoring
of microbial profiles (without the need for excessive validation
of sequences) may result in a useful and cost-effective tool
for managers at long-term monitoring sites.
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