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Using Discriminant Analysis and GIS to Delineate Subsurface Drainage
Patterns
Abstract

The contamination of soil and water resources from nutrients, transported in subsurface drainage water having
different drainage patterns, has important repercussions on the ecological environment and human health.
This study was designed to delineate subsurface drainage patterns using cluster analysis based on six years
(1993 to 1998) of field measured data on subsurface drainage flows from thirty-six 0.4 ha field experimental
plots. These drainage patterns then were related spatially to the soil and topographic attributes using
discriminant analysis and the map overlay capability of Geographic Information Systems (GIS) to develop
cause-effect relationships. The experimental field plots, under various tillage and nitrogen management
treatments, were located on glacial till derived soils at Iowa State University’s Northeastern Research Center
near Nashua, Iowa. The field-measured subsurface drainage volumes were normalized to make comparisons
over all plots and years, and the normalized data were used in the subsequent statistical and GIS analyses.
After performing cluster analysis, the output was generated as GIS data layers showing low, medium, and high
drainage areas. Stepwise discriminant analysis identified elevation, slope, and average normalized yield as the
factors contributing significantly (P < 0.10) to the formation of subsurface drainage zones. GIS data layers of
the factors, identified during discriminant analysis, were overlaid on the drainage patterns to study the spatial
relationships. Map overlay analysis showed that high drainage areas were consistently found at low elevation
levels in the vicinity of Floyd soils over the 6-year study period. The combined use of discriminant analysis
and GIS was found to be effective in delineating subsurface drainage zones so that appropriate management
practices can be applied to mitigate the environmental effects resulting from medium and higher subsurface
drainage effluents.
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USING DISCRIMINANT ANALYSIS AND GIS TO DELINEATE
SUBSURFACE DRAINAGE PATTERNS
A. Bakhsh, R. S. Kanwar

ABSTRACT. The contamination of soil and water resources from nutrients, transported in subsurface drainage water having
different drainage patterns, has important repercussions on the ecological environment and human health. This study was
designed to delineate subsurface drainage patterns using cluster analysis based on six years (1993 to 1998) of field measured
data on subsurface drainage flows from thirty−six 0.4 ha field experimental plots. These drainage patterns then were related
spatially to the soil and topographic attributes using discriminant analysis and the map overlay capability of Geographic
Information Systems (GIS) to develop cause−effect relationships. The experimental field plots, under various tillage and nitrogen management treatments, were located on glacial till derived soils at Iowa State University’s Northeastern Research Center near Nashua, Iowa. The field−measured subsurface drainage volumes were normalized to make comparisons over all plots
and years, and the normalized data were used in the subsequent statistical and GIS analyses. After performing cluster analysis, the output was generated as GIS data layers showing low, medium, and high drainage areas. Stepwise discriminant analysis identified elevation, slope, and average normalized yield as the factors contributing significantly (P < 0.10) to the
formation of subsurface drainage zones. GIS data layers of the factors, identified during discriminant analysis, were overlaid
on the drainage patterns to study the spatial relationships. Map overlay analysis showed that high drainage areas were consistently found at low elevation levels in the vicinity of Floyd soils over the 6−year study period. The combined use of discriminant analysis and GIS was found to be effective in delineating subsurface drainage zones so that appropriate management
practices can be applied to mitigate the environmental effects resulting from medium and higher subsurface drainage effluents.
Keywords. Cluster analysis, Map overlay, Soil attributes, Topographic attributes.

T

he contamination of soil and water resources with
chemicals, transported from agricultural fields, has
important repercussions on the ecological environment and human health. Several studies have been
conducted to evaluate the degree of water contamination and
the possible sources of pollution of water bodies (Kanwar and
Bakhsh, 2001; Randall and Mulla, 2001; Jaynes et al., 1999).
In this context, a subject that has received particular attention
is the discharge of chemicals from agricultural lands through
subsurface drainage water, particularly in the Midwestern
parts of the U.S. Use of artificial subsurface drainage is an important and common practice used to maintain agricultural
productivity of the poorly drained soils in the Midwest, where
over 30% of the soils have been drained using subsurface
drainage network (Kanwar et al., 1999; Hatfield et al., 1998;
Randall et al., 1998).
Subsurface drainage systems remove excess water from
the root zone of agricultural lands to minimize the adverse
effects of excess water on crop productivity. In addition to
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maintaining a favorable soil water and air balance in the root
zone, subsurface drainage has been found to be responsible
for transporting agricultural chemicals from the bottom of the
root zone to the edge of the field (Bakhsh et al., 2002).
Subsurface drainage systems also short−circuit the flow of
water by draining the top of the saturated zone directly into
streams in the Midwest, and eventually into the Mississippi
River (Goolsby et al., 2001). The role of subsurface drainage
becomes more important when water drained from agricultural fields joins streams/ditches or surface water bodies used
as drinking water sources. Recently, the development of a
hypoxia zone in the Gulf of Mexico has been linked to nitrate
leaching from agricultural lands through subsurface drainage
water (Rabalais et al., 1999). Therefore, monitoring and
evaluation of subsurface drainage systems on a long−term
basis can help assess the impact of subsurface drainage on the
transport of chemicals from agricultural fields (Kanwar et al.,
1997; Randall and Mulla, 2001).
Subsurface drainage from agricultural land is a function
of climate, soil, topography, and management factors.
Subsurface drainage volumes can vary considerably over the
years because of changing weather conditions. In addition to
this temporal variability, a substantial spatial variability in
subsurface drainage effluents from field to field has also been
reported (Bakhsh et al., 2002). Subsurface drainage systems
also contribute significantly to leaching of agrochemicals
from agricultural fields. Therefore, it becomes critical to
investigate the spatial and temporal patterns of subsurface
drainage effluents and determine the possible cause−effect
relationships for their occurrence (Bakhsh et al., 2000a).
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One such approach used to identify patterns is cluster
analysis, and discriminant analysis is used to determine the
contribution of various factors in the formation of clusters
(Young and Hammer, 2000; Li et al., 1992). Both of these
approaches have been used successfully in classification of
soils (Brejda et al., 2000; Al−Abed et al., 1989; Seelig et al.,
1991) and other disciplines such as medical science (Norton
et al., 2000), geology (Feldman et al., 1991; Jones, 1989),
environmental sciences (Wu et al., 2001; Ayana and Bekele,
1999), and precision agriculture (Jaynes et al., 2003). Soil
science studies have also applied these methods to classify
drainage classes (Kravchenko et al., 2002) and soil classes
(Brejda et al., 2000). The idea is to statistically minimize
within−group variability while maximizing among−group
variability in order to produce relatively homogenous groups
that are distinct from one another (Young and Hammer,
2000). The term clustering is synonymous with numerical
taxonomy, pattern recognition, and clumping (Mardia et al.,
1979). Cluster and discriminant analyses are two multivariate statistical methods, and their use in classification is
appropriate because the properties are not independent, but
interrelated in a complex way. These methods are often
useful for the simplification and consequent understanding of
a complex soil situation (Li et al., 1992).
Kravchenko et al. (2002) applied discriminant analysis
and geostatistics to create drainage maps using topographical
and soil properties data. Al−Sulaimi et al. (1997) grouped
drainage basins statistically and applied discriminant analysis to confirm such grouping. Ayars and Meek (1994) used
cluster analysis to group individual drainage sumps and
concluded that flow−load relationships were better characterized. Bari (1992) suggested a decision support system
based on cluster analysis to pre−process a large number of
alternatives in water resources planning and decision making. These studies show the potential of cluster and
discriminant analysis to group the objects and study their
patterns. The spatial occurrence of these patterns can be
investigated further by overlaying data layers of various soils
and landscape attributes using Geographic Information
Systems (GIS) (Bakhsh et al., 2000b).
Many studies have investigated the effects of soil
properties on drainage using GIS because of its capability to
analyze and integrate the spatial data layers (Rafaelli et al.,
2001; Corwin et al., 1999; Wang and Yin, 1998). GIS is a
powerful computer software capable of capturing, storing,
retrieving, analyzing, and displaying spatial data to understand their occurrence and relations with other soil−related
attributes. The general approach for using GIS is to display
factors important in an analysis as separate data layers and
overlay them to determine the integrated effects of these
factors (Bakhsh et al., 2000b). Subsurface drains integrate the
effects of spatial variability on a field scale and can be better
investigated using GIS map overlay capabilities. A single
subsurface drainage line can possibly drain many soils within
its drainage divide and can be affected by soil type and
topography. Therefore, drainage patterns need to be investigated using long−term data to determine their spatial and
temporal stability. This study was designed to investigate the
spatiotemporal variability in drainage patterns using cluster
analysis over a long−term basis and correlate the occurrence
of drainage patterns with soil−related attributes such as soil
type and topography. No other study, however, has been
conducted to overlay the output of cluster analysis by GIS
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data layers of soil type, elevation, slope, and aspect surfaces
to analyze their spatial relationships. Therefore, the specific
objectives of the study were:
S To develop GIS data layers of subsurface drainage patterns to study the temporal and spatial variability and
overlay them on the digital elevation model and soil type
map to establish the cause−effect relationships.
S To delineate subsurface drainage patterns using cluster
analysis based on six years (1993 to 1998) of field measured data on subsurface drainage flows from 36 field
plots and relate their occurrence with the soil and landscape attributes using discriminant analysis.

MATERIALS AND METHODS
Iowa State University’s northeastern research center at
Nashua, Iowa, has 36 experimental plots (each 0.4 ha, 58.5 ×
67 m in size) underlain by subsurface drainage lines. The
soils at the site are Floyd loam (fine−loamy, mixed, mesic
Aquic Hapludolls), Kenyon loam (fine loamy, mixed, mesic,
Typic Hapludolls), and Readlyn loam (fine loamy, mixed,
mesic Aquic Hapludolls) (Karlen et al., 1991). These soils are
moderately well to poorly drained and lie over glacial till.
From 1978 to 1992, the site was under four tillage treatments
(chisel plow, moldboard plow, ridge till, and no−till) and two
crop sequences of continuous corn and corn−soybean (Zea
mays L. and Glycine max L.) rotation. From 1993 to 1998,
tillage treatments were reduced to two (chisel plow and
no−till) by including additional nitrogen management treatments while keeping the same crop sequence at the site. More
details about various experiments at the research site can be
found in Bakhsh et al. (2002).
The subsurface drainage system at the site was installed in
1979 to monitor the drainage flow rate for each individual
plot. Each plot has a separate drainage sump equipped with
automatic flow recorders. Each plot is drained separately and
has subsurface drainage lines installed in the center of the plot
at a depth of 1.2 m below the ground surface with a drain
spacing of 28.5 m. The cross contamination of each plot was
checked by installing subsurface drainage lines on the
northern and southern borders of the plot and isolating the
eastern and western borders with berms (Kanwar et al.,
1999). The central subsurface drainage lines are intercepted
at the end of the plots and are connected to individual sumps
for measuring drainage effluents and collecting water
samples for chemical analysis. The sumps are equipped with
a 110 V effluent pump, water flowmeter, and an orifice tube
to collect water samples. Data loggers, connected to the water
flowmeters, record subsurface drainage flow continuously as
a function of time. Approximately 0.2% of the water pumped
from the sump flowed through a 5 mm diameter polyethylene
tube to a water sampling bottle located in the collection sump
each time the pump operated. Cumulative subsurface drain
flows were recorded, and sampling bottles were removed two
times per week from mid−March to the beginning of
December during the entire study period. A more detailed
description of the automated subsurface drainage system
installed at the site can be found in Kanwar et al. (1999).
STATISTICAL ANALYSIS
Descriptive statistics were calculated using the PROC
UNIVARIATE procedure (SAS, 2000) to determine variance
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and distribution of data. Subsurface drainage data from
36 field plots were collected from 1993 to 1998 with changing rainfall conditions over the study period. The subsurface
drainage volumes also changed considerably over the years
as a result of change in climatic conditions. To compare data
among years, and to remove the cropping systems (corn/soybean) and various nutrient treatment effects on subsurface
drainage effluent, subsurface drainage data from all 36 field
plots were normalized on a yearly basis. Treatment effects on
subsurface drainage data were not found to be significant
(Bakhsh et al., 2002). To investigate spatiotemporal variability in drainage effluents due to intrinsic factors, the extrinsic
factor of rainfall having significant (P < 0.05) effect on the
drainage was removed. Therefore, the effect of “more rain,
more drain” was removed by normalizing the subsurface
drainage data for each plot on yearly basis. The data failed the
Kolmogrov−Smirnov test of normality and therefore was
standardized using a robust approach, as described below
(Bakhsh et al., 2000b):
zj =

y j − y′j
sj

(1)

where zj is normalized annual subsurface drainage volume
for each plot for the jth year, yj is the annual subsurface drainage volume of each plot for the jth year, y4j is the median of
subsurface drainage volume for the jth year, and sj is the estimate of subsurface drainage variation for the jth year. Similar
approaches have been used by Jaynes and Hunsaker (1989),
and Colvin et al. (1997). Median estimates were used for y4j
(Cressie, 1993) because subsurface drainage data were not
normally distributed. The interquartile range (75th to 25th
percentile) was used as an estimate of sj . As robust estimators,
the median and interquartile range reduce the impact of outliers and non−normality on the calculation of zj (Colvin et al.,
1997). The normalized subsurface drainage data were used
during all the statistical as well as GIS analyses for comparison over all the fields and years.
Crop yield data were included in the study to take into
account the effect of evapotranspiration on subsurface
drainage volumes. Corn and soybean yield data were
normalized separately for each crop. Corn data were
normalized for each treatment for each year and soybean
yield data were normalized on yearly basis because no
fertilizer was applied to soybean. After normalizing data for
both the crops for six years, average yield data were obtained
for each plot over six years, which were used during
statistical and GIS analysis. Normalization of crop yield data
was necessary to remove crop effects on drainage and over
the years with changing climatic conditions (Bakhsh et al.,
2000b).
GIS ANALYSIS
ArcView (3.2) GIS software was used to digitize the soil
type map using the polygon option after scanning the soil
map of the study area. The ArcView Image Analysis
extension was used to rectify the scanned image with the
feature (plots layout theme) of the study area. The field
boundary theme and study area plot layout theme were drawn
following the display of elevation theme data collected
during a detailed topographic survey of the study area (Singh,
1994). Elevation data along with coordinates were measured
at the 96 data points following a regular grid of 76 × 29 m
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using automatic level (Sokkia Co. Ltd, Japan). These elevation data were used to build a digital elevation model (DEM)
for the site. The ArcView Spatial Analyst extension (ESRI,
1996) was used to create an elevation surface from 96 data
points. A spline kriging method with the six closest neighboring points (Kravchenko and Bullock, 2000) was used to interpolate the elevation surface. Spline interpolation is preferred
because it is best suited for gently varying surfaces such as
elevations, water table heights, or pollution concentrations
(ESRI, 1996, p. 92).
From the DEM, slope and aspect data layers were derived
for the site. Zonal functions in ArcView were used to
compute an output table for average elevation, slope, and
aspect data for 36 plots, which were used in stepwise
discriminant analysis. Similar procedures were used to build
drainage data layers using normalized drainage data of
36 plots for each year from 1993 to 1998. All the normalized
drainage data layers were reclassified into five classes (<−2,
−2 to −1, −1 to 1, 1 to 2, and >2) to compare drainage
variability and patterns over the years. All the normalized
drainage data layers were overlaid by DEM and plot layout
theme to assess stability in drainage patterns over the years
and their relationship with topography. The ArcView map
query option was used to overlay and integrate all the six
drainage data layers to determine the new theme containing
drainage area >1 standard deviation (high drainage) among
all these layers. This new integrated theme, showing high
drainage areas, was overlaid by soil type and elevation
contour themes to determine the spatial relationships.
CLUSTER AND DISCRIMINANT ANALYSIS
Jardine and Sibson (1971, p. 276) defined a cluster as “a
set of objects characterized by properties of isolation and
coherence.” Gengerelli (1963) defined a cluster as “an
Table 1. Descriptive statistics for subsurface drainage data collected
from 36 plots over a 6−year period (1993 to 1998) at Nashua, Iowa.
Subsurface Drainage (mm)
Statistic
Mean
Median
Standard deviation
Skewness
Kurtosis
Minimum
Maximum
Interquartile range
CV (%)

1993 1994 1995

1996

1997 1998 Avg.[a]

387
370
153
0.89
1.7
66
781
140
39

82
67
62
2.3
4.9
22
287
36
75

62
53
42
1.8
3.4
16
185
31
67

100
72
85
2
4.4
2.1
377
67
85

Mean
Median
Standard deviation
Skewness
Kurtosis
Minimum
Maximum
Interquartile range
CV (%)

0.12
0
1.1
0.9
1.7
−2.2
2.9
1
892

0.43
0
1.7
2.3
4.9
−1.3
6.2
1
401

Rainfall (mm)

1030

137
108
103
2
4
14
464
63
75

228
213
115
1.6
3.7
44
588
82
51

166
103
150
1.6
2.7
2.1
781
177
90

Normalized Drainage Data
0.47
0
1.6
2.0
4.0
−1.5
5.7
1
352

0.32
0
1.4
1.8
3.4
−1.2
4.3
1
433

0.42
0
1.3
2
4.4
−1.0
4.6
1
306

0.18
0
1.4
1.6
3.7
−1.9
4.6
1
769

0.32
0
1.4
1.9
4.4
−2.2
6.2
1
442

Growing Season (March − November)
[a]
[b]

750

800

680

750

980

840 [b]

6−year average (1993−1998).
30−year average.
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2

1

2

1

2

2
2

1
1

1

2
1

1

2

1
2

2

3

3

3
2

1

1
1

2
2

2

1

3

1

1

1

1

1

2
2

Figure 1. Soil type, topography, and 36 drainage plots of the study area at Nashua, Iowa, showing three drainage clusters (1 = low, 2 = medium, and
3 = high).

Figure 2. Topographic attributes of the study area: elevation, slope, and aspect data layers.

aggregation of points in test space such that the distance
between any two points in the cluster is less than the distance
between any two points inside and outside the cluster.” The
PROC FASTCLUS procedure (SAS, 2000) with 10 iterations
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and zero convergence criteria was used to develop clusters
based on annual subsurface drainage data from 36 plots for
six years. The FASTCLUS procedure in SAS combines an effective method for finding initial clusters with a standard it-
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erative algorithm for minimizing the sum of squared
distances from the cluster means. The result is an efficient
procedure for disjoint clustering of large data sets with the option of specifying number of clusters. This procedure uses a
nearest−centroid sorting method, and each observation is assigned to the nearest seed to form temporary clusters. The initial seeds are replaced by the cluster means, and the process
is repeated until no further changes occur in the clusters.
More details can be found in the SAS documentation (SAS,
2000). Different numbers of clusters were tried to get the best
results, and finally three clusters were selected based on evaluation criteria of cluster formation (pseudo−F statistic, R2,
and cubic clustering criterion; SAS, 2000). The cluster output
was plotted showing the exact location of each member in the
cluster when coordinate data of each member were given in
the dataset used in SAS.
After cluster formation, a stepwise discriminant procedure (PROC STEPDISC; SAS, 2000) was used to determine
the contribution of various soil attributes of elevation, slope,
aspect, soil, and average normalized crop yield in the
formation of clusters. The STEPDISC procedure performs a
stepwise discriminant analysis to select a subset of the
quantitative variables for use in discriminating among the
clusters. STEPDISC is similar to stepwise regression analysis
and incorporates each variable into the model based on its
significance level (P < 0.15). This procedure uses forward
selection, backward elimination, or stepwise selection technique. This procedure is useful to establish cause−effect
relationships for cluster occurrence and is helpful for
applying management practices based on zones defined by
clusters. Verification of cluster formation was made using the
discriminant procedure, i.e., PROC DISCRIM (SAS, 2000),
to assess how accurately the clusters can be predicted using
the variables selected during the STEPDISC procedure. This
procedure derives canonical variables (linear combinations
of the quantitative variables) that summarize variations
between clusters. More details about these procedures can be
found in the SAS documentation (SAS, 2000). In addition,
the cluster analysis output was used as input in ArcView to
create a cluster grid to show low, medium, and high drainage
areas and was overlaid by the DEM data layer. The cluster
analysis output was also overlaid by the variables selected
during the stepwise discriminant analysis to study the spatial
relationships.

RESULTS AND DISCUSSION
SUBSURFACE DRAINAGE
Subsurface drainage was affected by the growing season
rainfall amount because a significant (P < 0.05) correlation
(R2 = 0.89) was observed between rainfall and subsurface
drainage volume over the study period (1993 to 1998).
Average annual subsurface drainage volume varied from a
low of 62 mm in 1996 with an annual rainfall of 680 mm to
a high of 387 mm with an annual rainfall of 1030 mm in 1993
(table 1). This compares to a 30−year average annual rainfall
of about 840 mm for the study area (Voy, 1995). The year
1993 was a wet year, having annual rainfall 23% greater than
the 30−year average annual rainfall. All other years were
lower than the 30−year average annual rainfall (750 mm for
1994, 800 mm for 1995, and 750 mm for 1997) except
980 mm for 1998, which was 17% more than the 30−year
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average annual rainfall. The 6−year average subsurface
drainage volume (166 mm) showed that about 20% of the
average growing season rainfall (832 mm) was drained in the
form of subsurface drainage flow for the study area.
The descriptive statistics on drainage data showed that
minimum subsurface drainage volume on an individual field
basis ranged from 2 mm in 1997 to 66 mm in 1993, and
maximum subsurface drainage volume varied from 185 mm
in 1996 to 781 mm in 1993 (table 1). The coefficient of
variation ranged from a low of 39% in 1993 to a high of 85%
in 1997. This analysis showed that despite temporal variability in subsurface drainage volume from year to year, there was
significant variability in subsurface drainage data on a
field−to−field basis, which could be due to climate, soil,
topography, and management factors.
To determine the causes of this spatial and temporal
variability in subsurface drainage patterns, GIS data layers
were developed. Cluster analysis was used to group the
drainage data into meaningful groups to study the factors
responsible for such variability. The extrinsic factor of
climate was removed through the normalization technique so
that the effect of intrinsic factors (soil and landscape attributes) could be analyzed. Cluster analysis offers a means to
construct conceptual schemes for organizing information to
assist in analysis and to reduce the complexity of a set of data
(Bari, 1992). The idea of clustering is to summarize information into interpretable zones and then investigate the causes
for spatial occurrence of such zones. Subsurface drainage
data were grouped into clusters such that the data within each
cluster were similar in some respect but different from those
in other clusters.
The number of clusters and their goodness were checked
using the cluster evaluation criteria (SAS, 2000). The
formation of three clusters showed the highest values of the
pseudo−F statistic, R2, and the cubic clustering criteria.
These clusters (1, 2, and 3) were considered as low, medium,
and high drainage areas (fig. 1). The spatial occurrence of
clusters was not random but seemed to be affected by the
topographic attributes and the soil type. The site digital
elevation model (DEM) (fig. 2) showed a ridge running along
the southeast to northwest corner of the site, which also
represented the low and medium drainage areas. The
elevation ranged from a low of 25 m (southwest and northeast
corners of the site) to a high of 32 m (table 2) in the central
area of the site in the northwest to southeast directions. The
slope data layer, derived from the DEM, ranged from a low
of 1° to a high of 5° (fig. 2). The areas showing higher
Table 2. Descriptive statistics of soil attributes
and average normalized crop yield.

Statistic
Mean
Median
Standard deviation
Skewness
Kurtosis
Minimum
Maximum
Interquartile range
CV (%)
[a]

Elevation
(m)[a]

Slope
(°)

Aspect
(°)

Average
Normalized
Yield

28.9
29.6
1.6
−0.9
0.1
25
32
2.1
5.4

1.7
1.5
0.7
0.7
0.3
0.6
5.0
1.0
39.2

182
187
37
−0.3
−0.7
72
360
61
20.4

−0.04
−0.06
0.5
0.4
−0.03
−1.0
0.9
0.6
−−

<27 m = low, 27 to 29 m = medium, and >31 m = high.
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elevations were under a flat slope representing the drainage
divide. The patterns of the slope data layer showed resemblance to the patterns of the elevation data layer. The aspect
data layer, derived from the DEM, followed the ridge line
separating the low and high aspect values in the center of the
area and showed a clear different direction of slope on both
sides of the drainage divide (fig. 2). The areas on the northeast side of the ridge mostly faced aspect values of 72°
from true north. Similarly areas on the southwest of the ridge
faced aspect values in the range of 287° to 360° from true
north (fig. 2). These topographic data layers gave a very clear
indication of the flow paths followed by water based on slope
and aspect attributes. This indicates that study of topographic

attributes is important to understand and interpret the occurrence of subsurface drainage patterns under artificially
drained soils.
GIS DATA LAYERS
The spatial data layers, generated for each year using
normalized drainage data, were divided into five drainage
classes to study the details of drainage spatial variability
patterns over the study period (fig. 3). The areas showing
higher drainage (greater than 1 standard deviation) were
consistent from 1993 to 1998 and clearly indicated that the
northeast corner and central west areas of the site were
resulting in higher subsurface drain flows during the entire

Figure 3. Map overlay of topography and normalized drainage data layers for 1993, 1994, and 1995.
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Figure 4. Map overlay of topography and normalized drainage data layers for 1996, 1997, and 1998.

study period (fig. 4). Overlay of plot layout and DEM showed
that these high−drainage areas were under low elevation and
in a Floyd soil area. These GIS data layers gave a clear understanding of the spatial and temporal variability of the drainage patterns over the 6−year period. In addition, all the
6−year drainage data layers were integrated to determine the
common areas under higher drainage using the map query option in ArcView (fig. 5). This integrated theme of high−drainage area was overlaid by soil type and elevation map to
analyze its spatial relationships. This analysis also showed
that high−drainage areas were located at low elevation levels
in the vicinity of Floyd soils (fig. 5).
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CLUSTER ANALYSIS
Seventeen of the 36 field plots were assigned to cluster 1
with a mean value of −0.54 and standard deviation (SD) of
0.48 (table 3). This represented 47% of the area. Cluster 1 was
categorized as areas having low drainage. Fifteen of 36 plots
were assigned to cluster 2, considered the medium−drainage
areas with a mean value of 0.40 and SD of 0.43. Cluster 2
represented 42% area of the site. Cluster 3 had four plots with
a mean drainage value of 3.71 and SD of 1.19. These plots
were considered high−drainage areas, which were about 11%
of the study area. The drainage plots in cluster 3 (high−drainage areas) were located at the lowest elevation levels and in
the vicinity of Floyd soils (fig. 1). The medium−drainage
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Figure 5. ArcView map overlay output: map overlay of soil type, topography, and the high drainage area, integrated over six years (1993 to 1998).

Cluster[a]
1
2
3
[a]
[b]

Table 3. Cluster summary.
Standard
Weight/
Deviation
Frequency
Mean[b]
−0.54
0.40
3.71

0.48
0.43
1.19

17
15
4

Proportion
0.47
0.42
0.11

1 = low, 2 = medium, and 3 = high drainage areas.
Normalized subsurface drainage data.

areas (cluster 2) were located around the periphery of high−
drainage areas (cluster 3) and on the drainage divide line (fig.
6) where the slope was flat, which might have reduced runoff
and increased infiltration. The low−drainage areas in the
south of the site were under steep slope varying from 1° to 4°
(figs. 2 and 7) and were probably affected by runoff. The spatial representation of cluster analysis clearly showed the topographic effects on the formation of clusters. The northeast
and central west sections showed high−drainage areas. This
analysis showed the pronounced effect of topography on the
drainage patterns of this field. The contribution of various
other factors in the formation of clusters was studied using
discriminant analysis.
DISCRIMINANT ANALYSIS
Discriminant analysis was used to verify the ability of the
factors, selected during the stepwise discriminant procedure,
to predict membership of each cluster (Jaynes et al., 2003; Li
et al., 1992) based on elevation, slope, aspect, soil type, and
average normalized yield data. In addition, a pairwise
distance matrix showed that the distance between cluster 3
and the rest was quite large in comparison to the distance between clusters 1 and 2 (table 4). The stepwise discriminant
analysis, based on clusters, selected elevation, slope (Krav−

696

Figure 6. Cluster analysis output: map overlay of topography and drainage clusters.

chenko et al., 2002), and the average normalized yield and
showed that these variables contributed significantly (P <
0.15) to the formation of clusters. These selected variables
were used during the discriminant analysis, and it was found
that better results were obtained for all three clusters rather
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Table 4. Pairwise generalized squared distance between clusters.
Cluster
1
2
3
1
2
3

0
0.15
7.8

0.15
0
9.7

7.8
9.7
0

Table 5. Stepwise discriminant model variables entry statistics.
R2
F
Pr > F
Variable
Elevation
Soil
Slope
Aspect
Normalized yield

Model
Attribute

0.34
0.28
0.03
0.03
0.11

8.4
6.6
0.5
0.6
2.2

<0.01
<0.01
0.60
0.52
0.12

Table 6. Stepwise discriminant procedure for
model formulation based on clusters.
Attributes
Partial
Entered
R2
F

Pr > F

Step 1
1

Elevation

0.34

8.4

<0.01

15.1
5.3

<0.01
0.01

15.3
5.2
2.5

<0.01
0.01
0.09

Step 2
2

Elevation
Slope

0.48
0.25

3

Elevation
Slope
Normalized yield

Step 3
Figure 7. Map overlay of slope surface (deg.) and drainage clusters.

than using all the variables. When the soil type variable, however, was incorporated into the model, cluster 3 was predicted
accurately, and all of its four members were assigned to it
with zero error. This showed that soil type had a pronounced
effect only in the high−drainage areas and was not a significant factor for the low− and medium−drainage clusters. In
addition, the entry statistics (table 5) showed that elevation
and soil type were the most significant variables qualifying
for their entry into the stepwise discriminant model. However, at the end of the discriminant analysis, elevation, slope,
and normalized yield formed the stepwise discriminant model, and no other variable qualified to enter the model (P <
0.15) (table 6).
The discriminant analysis showed that seven of the 17
members of cluster 1 were accurately assigned to cluster 1,
eight members were wrongly assigned to cluster 2, and two
were assigned to cluster 3, giving a maximum error rate of
58% (table 7). This was the most poorly defined cluster based
on the selected variables. The squared distance between
clusters 1 and 2 was also found to be less in comparison to the
distance between clusters 1 and 3 (table 4). Ten of 15 cluster
2 members were assigned to cluster 2, and five were assigned
to cluster 1. The distance between clusters 2 and 3 was
maximum, and therefore no member of cluster 2 was
assigned to cluster 3. The error rate of defining cluster 2 was
found to be 33%. The most accurately assigned cluster was
3. This cluster had four members. Three of the four were
assigned accurately to cluster 3, and one was assigned to
cluster 2. The error rate ranged from 25% for cluster 3 to 58%
for cluster 1. Similar results have been reported by Jaynes et
al. (2003), Kravchenko et al. (2002), and Li et al. (1992)
regarding the ability of discriminant functions to predict
cluster members.
The variables selected during the stepwise discriminant
analysis of elevation (fig. 6), slope (fig. 7), and normalized
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0.49
0.25
0.14

No other variable qualified to enter
Table 7. Confusion matrix.
To Cluster
(number of samples/percentage)

From
Cluster
1
2
3

1

2

3

Total

7 (41%)
5 (33%)
0

8 (47%)
10 (67%)
1 (25%)

2 (12%)
0
3 (75%)

17
15
4

Total

12 (33%)

19 (53%)

5 (14%)

36

Error rate

58%

33%

25%

39%

yield (fig. 8) were used to generate GIS data layers and were
overlaid on the cluster analysis output to see their spatial relationship. The patterns of elevation, slope, and yield were
closely related to the drainage cluster formations. In this
study, it was found that higher drainage areas need better nutrient management plans because of their capacity to discharge higher drainage flow volumes and potential amounts
of agricultural chemicals. The GIS analysis showed that the
high−drainage areas in both the northeast and central west
sections of the site were formed at the lower elevation levels
and in the vicinity of Floyd soils. In the stepwise discriminant
analysis, it was determined that incorporation of the soil variable in the discriminating function defined cluster 3 very accurately. The success rate was 100% for cluster 3 when soil
was included in the discriminant model, but it affected the
prediction accuracy for the other cluster groups. Moreover,
the contribution of various soil and landscape factors in discriminating cluster groups could differ for different clusters,
as was the case for cluster 3. Different discriminating functions developed for every cluster can improve the accuracy
of prediction of the member class. The discriminant analysis
also showed that more soil and landscape variables (such as
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areas discharging high subsurface drainage flows were
identified in the field using this technique and will help the
producers/farmers to develop better management practices
for these areas to reduce discharge of agricultural chemicals
through subsurface drainage water. The combined use of
cluster analysis and GIS was found to be useful to group data
on subsurface drainage into homogenous zones and study the
spatial relationships between these zones and the soil and
landscape attributes.
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