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Machine learning techniques for ecological applications or “eco-informatics” are
becoming increasingly useful and accessible as software for these techniques becomes
more readily available. Complex ecological data sets with a multitude of variables are also
increasingly available. Ecologists, who do not necessarily have extensive backgrounds in
machine-learning techniques, are facing decisions on new methods of data analysis. We
evaluated the predictive ability of three commercially available (i.e. user-friendly)
software packages for artificial neural networks (ANNs), evolutionary algorithms (EAs),
and classification/regression trees (CART). To demonstrate their usage, we analyzed fish
and habitat data from the mid-Atlantic region of the US, which was collected by the U.S.
Environmental Protection Agency (EPA). These data, including over 200 environmental
descriptors summarizing watershed, stream, and water chemistry, and physical habitat
characteristics in addition to fish community metrics (i.e. richness, Index of Biotic
Integrity (IBI) scores, % exotics), were collected as part of the EPA's Environmental
Monitoring and Protection program. We predicted fish IBI scores as a function of these
local and regional scale habitat variables. Predictive ability is evaluated with independent
validation data. These approaches could prove especially useful for conservation or
management applications where ecologists seek to utilize the most comprehensive data
to make predictions at various scales. By employing “user-friendly” software we hope to
show that ecologists, without extensive knowledge of computational science, can benefit
from these techniques by extracting more information about complex ecosystems. We
found that all models predicted better than chance (p<0.05). Relative strengths and
weaknesses of these three approaches are compared and recommendations for their use
in ecological applications are presented.

© 2006 Elsevier B.V. All rights reserved.
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1. Introduction

Ecological modeling is important in order to understand and
describe natural phenomena by economizing the thought
required to interpret ecological data. An effective model
links the data to ecological questions and provides a
sufficient amount of understanding or predictions, where
u (J.B. Williams), poff@lam

er B.V. All rights reserved
an ecologist's perception alone falls short. Advances in data
collection technology, such as GPS, remote-sensing, and
larger/faster computers, have led to the increased availabil-
ity of large, complex ecological data sets. As technology for
data collection has advanced, so has analytical technology.
Informatics approaches, such as Artificial Neural Networks,
Evolutionary Algorithms, and Decision Trees, have shown
ar.colostate.edu (N.L. Poff).
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Table 1 – Environmental variables selected for use in
predictive IBI models including watershed scale, reach
scale, and water chemistry variables

Reach scale

ELEV Elevation of stream index site (m)
ORDER Stream order
PCT_SAFN Substrate sand and fines <2 mm (%)
SINU Channel sinuosity (m/m)
W1_HALL Riparian disturbance—sum all types
WD_RAT Mean width/depth ratio
XCDENBK Mean bankside canopy density (%)
XEMBED Mean embeddedness—channel and margin (%)
XFC_NAT Fish cover—natural types (sum area proportion)
XSLOPE Channel slope—reach mean (%)

Watershed scale
AREA_WS Watershed area digitized from maps
FOR_TOT % watershed—forest
RD_DEN Road density (m/ha)
URB_TOT % watershed—urban lands
AG_TOT % watershed—agricultural lands
MIN E_TOT % watershed—strip mines/quarries/gravel pits

Water chemistry
ANC Acid neutralizing capacity (μeq/L)
CL Chloride (μeq/L)
NH4 Ammonium (μeq/L)
NTL Total nitrogen (μg/L)
PTL Total phosphorous (μg/L)
SO4 Sulfate (μeq/L)

The left column is the variable code as designated in the EMAP data
set, the right column is a brief explanation of the variable
(Lazorchak et al., 1998).
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excellent ability for the advancement of ecological modeling
(De'ath and Fabricius, 2000). These “eco-informatics”
approaches have several advantages over traditional ecolog-
ical models (such as various regression techniques), which
are often limited because of assumptions of normality,
obligatory transformations, and ineptness with few or
more zero values (Lek et al., 1996). Eco-informatics models
are not limited by these drawbacks and have consistently
out-performed traditional approaches when analyzing
equivalent non-linear data sets (Lek et al., 1996; Olden and
Jackson, 2001, 2002a).

New advances in computation sciences have led to the
availability of “informatics tools” for ecological applications.
Many ecological researchers have begun to utilize the abilities
of informatics approaches for widespread applications such as
predicting patterns of species richness (Guegan et al., 1998),
multivariate analysis of biological invasions (Kolar and Lodge,
2002), and predicting phytoplankton abundance in freshwater
lakes from time series data (Wigham and Recknagel, 2001).
However, eco-informatics approaches have not yet been
widely embraced into the “ecologist's toolbox”. One reason
for this lag is that some ecologists lack computational
background needed to operate certain software implementa-
tions (Fielding, 1999). Many ecologists do not have a back-
ground in computational science and may be hesitant to
invest their time in learning extensive program code language
and syntax. However, as the popularity of these approaches
grows, there is new software available. We propose that the
eco-informatics community must encourage the use and
standardization of this “user-friendly” software for ecological
applications. Such software will increase informatics usage
and awareness among ecologists, and promote the advance of
these analytical methods.

We will demonstrate and evaluate the ability of these
approaches by predicting fish biotic integrity in the Mid-
Atlantic Highlands Area (MAHA) of the eastern United States.
We use a stratified sample data set available for the region
collected by the US Environmental Protection Agency (EPA)
which contains over 200 environmental variables including
watershed, and water chemistry descriptors (Herlihy et al.,
2000). The EPA also collected physical habitat and riparian
disturbance at a smaller subset of sites (McCormick et al.,
2001). This allows us the opportunity to evaluate the ability of
informatics methods with the challenging task, using a
relatively small data set to predict stream biotic integrity
with a sizeable set of predictor variables. We evaluated the
predictive ability of three commercially available (i.e. user-
friendly) software packages for artificial neural networks
(ANNs), evolutionary algorithms (EAs), and classification/
regression trees (CART). We refer the reader to Fielding
(1999) for a detailed introduction to each of these methods.

1.1. MAHA

In 1993 the US Environmental Protection Agency (EPA)
developed a randomized sample design for the Mid-Atlantic
Highlands Area (MAHA), which extend from the Virginia/
North Carolina border to the Catskill Mountains of New York
(Herlihy et al., 1993), as part of the Environmental Monitoring
and Assessment Program (EMAP; Herlihy et al., 2000). Fish
assemblage and environmental datawas collected at 309 sites,
which represent wadeable streams within the MAHA study
region (Lazorchak et al., 1998). A smaller subset of sites were
also measured for physical habitat and riparian disturbance
(Kaufmann and Robison, 1998). These local scale physical
factors have been shown to be important in determining biotic
integrity (Snyder et al., 2003). The Mid-Atlantic Highlands area
has a variety of stream conditions due to several environ-
mental stressors. Significant portions of the MAHA area have
poor or impaired conditions with respect to total nitrogen (5%
of total stream miles), total phosphorus (5%), fish tissue
contamination (10%), acidic deposition (11%), mine drainage
(14%), riparian disturbance (24%), and channel sedimentation
(25%), based on EPA criteria (EPA, 2000). This wide range of
environmental stressors makes the MAHA area a good
candidate for analysis of environmental/biotic relationships
(Herlihy et al., 1998).

1.2. IBI

The Index of Biotic Integrity (IBI) is a composite index that uses
combined metrics for biological attributes (ecological, trophic,
and reproductive) of fish communities that best explain water
quality relative to reference sites for specific regions (Hughes
et al., 1998). The status of the fish community, as represented
by an IBI score, can be used as a biological indicator of
environmental stressors (Fausch et al., 1984). McCormick et al.
(2001) developed an IBI specifically for the MAHA area and



Table 2 – Results for predictive IBI models with artificial
neural networks (ANNs), evolutionary algorithms (EAs),
and tree-based (CART) models

Validation Training

CCR Kappa p CCR Kappa p

ANN 0.4125 0.40032 <0.0001 0.73438 0.60427 <0.0001
CART 0.375 0.12146 0.044 0.725 0.60136 <0.0001
EA excellent 0.9 0.65517 <0.0001 0.875 0.59103 <0.0001
EA good 0.8 0.38462 <0.01 0.85938 0.52312 <0.0001
EA fair 0.8125 0.49664 <0.001 0.79063 0.431 <0.0001
EA poor 0.8625 0.61404 <0.0001 0.875 0.66015 <0.0001

For EA models, four independent models were used to predict each
IBI class (excellent, good, fair, and poor) vs. the alternative. Model
accuracy is evaluated with the correct classifications rate (CCR) and
Kappa statistic, which can be interpreted as the percent improve-
ment over chance-alone predictions. The p-value is listed for a test
of significance (Z), with Ho: K=0. All statistics are reported
separately for validation and training data sets.
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assigned the IBI scores to 4 classes. They found that 5% of
MAHA streams had an IBI of excellent, 22% were good, and
38% and 14% of streams were fair or poor, respectively; 21% of
streams were not assessed for IBI.
2. Methods

Environmental data were compiled into a database using
unique identification codes. For any sites with multiple
visits, only the first visit was kept in the database. We also
eliminated sites that were not sampled for physical habitat
variables. Eight sites were removed that had one or more
missing variable values, leaving a total of 80 sites. Because
we were limited to 80 sites, we chose to use an n−1 cross-
validation (Fielding, 1999). The sites were randomly divided
into five groups, and each experiment was performed five
times using each one of the five groups as validation data
and the remaining 4 groups as training data. Combined
results from five models were used to determine overall
model correct classification rate (CCR). We also calculated
Cohen's Kappa statistic, the chance corrected percentage of
Fig. 1 –Correct classification rate (CCR) for predictive IBImodels us
(EAs), and tree-based (CART) models. For EA models, four indepe
good, fair, and poor) vs. the alternative.
agreement between predicted and observed classes (Titus et
al., 1984).

Over 200 quantitative variables were available that sum-
marized water chemistry, land use, and riparian habitat. The
initial list of candidate water chemistry variables were
selected from a list of water quality indicators shown to
have a correlation (|r| >0.15) with nine individual MAHA IBI
metrics (see McCormick et al., 2001). We also selected
candidate reach and watershed scale variables that quantify
a variety of anthropogenic disturbances and other available
variables deemed important to fish communities from
literature review and expert judgment. Next, all variables
were analyzed using a correlation table, and for any values
with |r| >0.5, we removed one of the correlated variables.
Finally, the number variables were further reduced to 22
based on importance to fish (from literature review and
expert judgment), and interpretability (Table 1).

Software for model creation was selected for ease of use
and interpretability. We used EasyNN (version 4.0b) by Neural
Planner Software, Disciplulus (demo version 3) by RML
technologies, and CART (version 5.0) by Salford Systems for
artificial neural networks (ANNs), evolutionary algorithms
(EAs), and classification/regression trees (CART) models,
respectively. All models were created using software defaults
unless otherwise specified. For EasyNN, we set the number of
hidden layers to one. For Discipulus we decomposed the
classification into 4 separate models because the software is
limited to classification problems with only two classes. The
four models independently predicted each IBI class (excel-
lent, good, fair, and poor) vs. the alternative. CART was set to
create the best tree by minimizing classification error.
3. Results

The results summarized in Table 2 show that all models
predicted better than chance (p<0.05), with kappa scores
ranging from 0.121 to 0.660. The correct classification of the
training data set was above 70% for all models. However, the
ANN and CART models showed inferior classification perfor-
mance with the validation data set (Fig. 1). The ANN model
performed 40% better than chance (kappa=0.400, p<0.0001),
ing artificial neural networks (ANNs), evolutionary algorithms
ndent models were used to predict each IBI class (excellent,



Fig. 2 –Cohen's Kappa statistic for predictive IBI models using artificial neural networks (ANNs), evolutionary algorithms (EAs),
and tree-based (CART) models. For EA models, four independent models were used to predict each IBI class (excellent, good,
fair, and poor) vs. the alternative. For predictive IBImodels artificial neural networks (ANNs), evolutionary algorithms (EAs), and
tree-based (CART) models were used. For EA models, four independent models were used to predict each IBI class (excellent,
good, fair, and poor) vs. the alternative. The Kappa statistic can be interpreted as the percent improvement over chance-alone
predictions.
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but the CART model had a low correct classification rate,
which was only slightly significant when compared to chance
predictions (CCR=0.375, kappa=0.121, p=0.044). All EAmodels
achieved at least 79% correct classification; the training and
validation data sets performed similarly. In both data sets, the
extreme IBI classmodels (excellent and poor) performed better
than the intermediate IBI class models (Fig. 2).
4. Discussion

Several advantages of CART for ecological applications have
been recognized including: flexibility for numeric or categor-
ical dependant variables, capacity to explore data interactions,
and easy graphical interpretation (De'ath and Fabricius, 2000).
The application of neural networks to problems in ecology has
increased lately, in large part because of their perceived ability
to accuratelymodel complex data (Lek andGuégan, 1999). ANN
allows variables to interact positively or negatively and at a
variety of strengths simultaneously. It is this flexibility that
has likely led to the increased popularity of neural networks in
ecology. EAs have advantages over traditional ecological
modeling because they are robust to non-linear data, uneven
sampling, and small sample sizes (PetersonandCohoon, 1999).
Genetic Programming has had “startling empirical success” in
other fields (Whitley, 2001) and there is still great potential in
ecology. Overall, EAs are very powerful andhave beenused in a
numberof ecological applications, yet they areoftendifficult to
interpret (Wigham and Recknagel, 2001). Although not dem-
onstrated here, CART and ANN both have the advantage of
allowing for interpretable graphic visualizations of models
(De'ath and Fabricius, 2000; Olden and Jackson, 2002b).

Although this is a limited study, it shows that informatics
tools can be applied using available software. This “user-
friendly” software will appeal to a larger audience of ecolo-
gists. Though not presented here, these approaches also hold
potential for use in exploratory analysis of data and variable
importance in predictions. However, more research is needed
to develop a protocol for employing such techniques. Many
seemingly arbitrary choices for model parameters and use of
software default settings may have important ramifications
for experimental results. We also found that certain software
may have limitations that make results difficult to interpret.
For example, the EAmodel seems to predict quite well, but the
results may be misleading. Because it is easier to classify data
into 2 lumped classes than 4 classes, the results are not
directly comparable to the other models. However, if predict-
ing a certain class (poor IBI for example) is of primary concern,
this method of decomposing the classification into 2 classes
may be useful. CART and ANN performed approximately
equally well, in both the training and validation data sets.
Given the small number of sites and large number of predictor
variables, the models performed reasonably well. The accura-
cy might be improved with a more detailed analysis. Overall,
we demonstrated that these tools can be utilized straightfor-
wardly to make ecological predictions.
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