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Summary measures for binary classification systems in animal ecology
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Abstract. Ecological studies often result in dichotomous, binary outcomes of the response variables
(e.g. the presence or absence of the studied species). In such cases, logistic regression is used to
model organismal response to various environmental factors. Receiver Operating Characteristic
(ROC) curve, a relatively old technique, is a standard procedure for assessing classifier’s
performance in various fields of science and is increasingly used in ecology. In this note, we present
the idea and sketch the mathematics behind the ROC curve, discussing its utility and interpretation.
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Introduction

Empirical ecological research results in a high
variability of data types, sometimes with
dichotomous, binary outcomes (e.g. presence
or absence of species or studied phenomenon).
Regression analysis is one of the most power-
ful statistical tools. Since the development of
Models (Nelder &
Wedderburn 1972), regression analysis can also
deal with other than normally distributed and
continuous outcomes. Binary responses are
modelled mostly with logistic regression. The
coefficients of the model are estimated by
numerical methods and tested using their
asymptotic properties (Pawitan 2001).

In addition to assessing the significance of
an individual variable or all parameters
estimated, it is useful to have a single number
to summarize the overall appropriateness of
the model. Such measure eases the comparison
of completing models as well. Model compa-
rison can be done by information theoretic
criterions (AIC or BIC) or by performing a
global test (i.e. the Likelihood Ratio test)
(Hilborn & Mangel 1997). Both are extensively
used in model selection but their usage as a
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single numerical measure of model suitability
is impractical. Scientists often desire a single
scalar measure that allows the comparison of
not only different models in one study, but also
of models from different studies as well. Such a
measure must have a straightforward uni-
versal interpretation and a proper scale with
easily interpretable values. Both information
theoretic criterions and global significance tests
fail to meet this criterion. Global significance
tests provide a relatively simple and powerful
tool for comparing alternative models, but only
nested models can be compared. Information
theoretic criterions are suitable for comparing
both nested and non-nested models, but their
interpretation becomes problematic when
different models have different support sets
(are built on different data sets). The outcome
of both methods can be theoretically any real
number that lacks a straightforward interpre-
tation as a single numerical measure. Instead,
their interpretation depends on the context and
two identical values might lead to different
conclusions in different situations. The most
common measure of model goodness of fit that
meets the above stated criterions is the

coefficient of determination - R2. The coeffi-
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cient of determination originates from the
Least Squares Regression methods and is
defined as the percentage of the total variation
in the response variable that can be attributed
to the relationship with the predictors. Nume-
rous counterparts of this index were construct-
ed for binary response (reviewed by Long
1997), despite the fact that R2 is not suitable to
judge the effectiveness of regression models
with binary responses (Cox & Wermuth 1992).
Binary response variables make the assessment
of the model's discriminatory performance -
the extent to which a model successfully sepa-
rates the positive and negative observations
and classifies them correctly - more feasible.
Single measures of association, such as reg-
ression coefficients or odds ratios, do not
meaningfully describe the predictor variables’
ability to classify observations (Pepe et al.
2004). Reporting only odds (or hazard ratio)
might intuitively overestimate the predictors’
prognostic capacity; therefore there is a need
for external validating measures (Dunkler et al.
2007). Such measures ease the comparison of
completing models as well. Receiver Operating
Characteristic (ROC) curve, a relatively old
technique, is a standard procedure for assess-
ing classifier’s performance in various fields of
science (e.g. biomedical research, pattern
recognition, machine learning, psychology)
and is increasingly used in ecology (e.g.
Huntley et al. 2004, Arntzen 2006, Broenni-
mann et al. 2007, Hartel et al. 2007, 2010a,b,
Hartley et al. 2007, Arntzen & Espregueira-
Themudo 2008, Rodder et al. 2008). ROC
curves are conceptually simple with an easy to
follow and understand mathematical algo-
rithm. Studies that model the animal occur-
rence, in relation to habitat and landscape
features are actually still scarce in Romania
and Eastern Europe (see e.g. Hartel et al. 2008,
2010a,b). Given this circumstance, we believe
that it is timely to present the idea and sketch
the mathematics behind the ROC curve and
discuss its utility and interpretation.
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The receiver operating characteristic
(ROC) curve

The Receiver Operating Characteristic (ROC) is
a graphical technique used for visualizing and
selecting classifiers based on their perfor-
mance. Formally, each event is mapped to set
the positive and negative outcomes (Fawcett
2006). Tests used for binary classification do
not produce binary values but a continuous
one, T;, and a threshold c is applied in order to
predict the class of the outcome. Generally,
high values of the test are assumed to indicate
the event of interest (T; 2 c: positive outcome,
p), while low values the absence of the event
(T; < ¢ negative outcome, n). Given a binary
classifier and the event of interest there are
four possible situations:

i) The event is positive and it is classified as
positive, True Positive (TP),

ii) The event is positive and it is classified
as negative, False Negative (FN),

iii) The event is negative and it is classified
as negative, True Negative (TN),

iv) The event is negative and it is classified
as positive, False Positive (FN).

The performance of a binary classifier at a
given threshold can be represented as a two-
by-two contingency table, the confusion matrix
(Fig. 1). From the confusion matrix the two
following metrics are calculated: Sensitivity
(SN), the percentage of True Positive results,
and Specificity (SP) the percentage of True
Negative results.

Sensitivity and Specificity are estimated as
follows

TP and S TN

N = SR
TP+FN TN +FP

It should be noted that Sensitivity depends
only on positive observations while Specificity
on negative
consequence, Sensitivity and Specificity ROC
curves can be derived without worrying about
the proportional representation of the two
groups in the sample.

observations alone. As a
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Figure 1. Two-by-two confusion matrix of a binary
classifier. The observations along the major
diagonal represent the correct decisions, the
minor diagonal the errors - the confusion
between different classes.

A ROC curve captures in a single graph the
trade-off between the sensitivity and specificity
of the test over its entire range. Thus the ROC-
curve plots SN vs. 1-SP as the threshold varies
over its entire range

{(SN{c},1-SP{c}) : —o <Cc < o0},

each data point on the plot representing a
particular setting of the threshold (c) and each
threshold setting defines a particular set of
True Positive and False Negative results,
consequently a particular pair of SN and 1-SP
values (Lasko 2005). Sensitivity and specificity
are synonymous to the True Positive and False
Positive rates (TPR and FPR) defined as

TPR{c}=P(T, >c|Y, =1)
FPR{c}=P(T, >c|Y, =0),

and

the ROC-curve being a two dimensional
plot of {(FPR{c}, TPR{c}): —o<c <o} (Ma et al.
2006).

Fawcett (2006) points out several important
points in the ROC space (Fig. 2):

i) (0,0), the lower left point that represents
the strategy of issuing  positive
classification (i.e. ¢ > max(Ty)),

ii) (1,1) the upper right point representing
the strategy of unconditionally issuing only
positive classification (i.e. ¢ = min(Tj)),

never

iii) (0,1) represents the perfect classification
with no error.

A ROC curve generated from a finite data
set is a step function, a two dimensional
representation of the classification perfor-
mance. In scientific publications it is not al-
ways feasible to reproduce ROC curves, thus
numerical indices are commonly used to
summarize the curves. These numerical indices
have to convey important information about
the ROC curve and about the test that the ROC
curve was constructed for. Although there are
several summary indices, one in particular, the
area under the ROC curve (AUC), dominates
the practical applications (Hanley and McNeil
1982). The area under a ROC curve is defined
as

1
Aucszocamr
0

Generally the test with higher AUC score is
considered the better. If test A is uniformly
better than test B in the sense that
ROC, > ROC, then their AUC statistics is

ordered as well AuC, > AUC, (Pepe 2003) (Fig.

3). However, the inverse is not true, a higher
AUC value does not necessarily imply higher
ROC value at certain sensitivity and specificity,
equal AUC equal
classification accuracy as the threshold varies
range (Fig. 4).
comparisons can be made by the means of
statistical ~significance testing (Hanley &
McNeil 1982, DeLong et al. 1988, Pepe 2003,
Rosset 2004). Two less encountered summary
measures of ROC curves are the partial AUC
( pAUC ), that restricts the attention at certain

nor values assure

over its entire Formal

specificity intervals, and the Kolmogorov-
Smirnov statistic (KS). The latter is the
maximum vertical distance between the ROC
curve and the 45° line, the line of the
uninformative test. KS ranges between 0 -
uninformative test and 1 - the ideal test.
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Figure 2. An example of a ROC curve and the three specific points of the ROC

curve with no positive classification (0,0), perfect classification (0,1) and just
positive classification (1,1).
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Figure 3. ROC curves of two tests A and B, with test A being uniformly better
than B, leading to a strictly higher AUC value. (AUCa = 0.936, AUCg = 0.777).
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Figure 4. ROC curves of two tests with equal AUC values (0.789) but with
unequal accuracy at specific sensitivity and specificity points.

Interpreting of ROC - AUC

If ROC is a straight line between the (0,0) and
(1,1) points of the ROC space (AUC = 0.5), then
the constructed binary classification model has
no information about the response variable’s
class and thus prediction is completely ran-
dom. It is expected that the ROC curve will lie
between the three key points identified by
Fawcett (2006), which is AUC > 0.5. In this case
the model has information about the response
variable, and possesses a certain predictive
power. Theoretically it is possible that the ROC
curve lies in the lower triangle of the ROC
space (AUC < 0.5). In this case the classifier has
information and predictive power but there is
a structural error in the model and the infor-
mation is wrongly utilized.

Conceptually AUC has several interpre-
tations:

i) The probability that the test will produce
a value for a randomly chosen event subject is

greater than the value for a randomly chosen
not-event subject

AUC =P(T; >T; | x =1,x; =0)-

ii) The average sensitivity for all values of
specificity and vice versa,

iii) A perfect test has an AUC of 1.0
whereas random chance gives an AUC of 0.5.

Even though the first interpretation has
appealing mathematical properties the second
interpretation has more ecological relevance.

The main purpose of ROC-AUC is to offer
an objective technique for selecting classifiers
based on their discriminatory performance.
Since the publication of Fielding & Bell (1997),
ROC and specially AUC tend to be increasing-
ly utilized in the ecological literature, although
this technique is not widely accepted and its
usage is criticized (Lobo et al. 2007). Criticism
of ROC-AUC mostly addresses the properties
of AUC as scalar measure of model appro-
priateness. Lobo et al. (2007) emphasize the
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problem of model goodness of fit. They state
that a poorly fitted model might posses a good
discriminatory power and, on the other end, a
well-fited model might have rather poor
discriminatory power if the probabilities of
presence are only moderately higher than the
probabilities of absence. Both scenarios might
be true. A poorly fitted model can have good
discriminatory power, but improving the fit
might improve the AUC value as well. Plus,
AUC values do not assess nor estimate the
model goodness of fit, proper model fitting is
the researcher’s responsibility. A full regres-
sion model that incorporates both significant
and non-significant variables will have higher
AUC value but also parameter estimation will
have lower accuracy and should be avoided for
reasons of efficiency and interpretability. As in
ecology the magnitude and sign of regression
parameters have high importance, it is pa-
ramount to construct proper models (see
Faraway 2005, 2006 for a practical approach on
this topic), build the ROC curve and estimate
the associated AUC value after. Poorly fitted
models or faulty research design is not a
drawback of ROC-AUC but a serious flaw of
the study in subject.

AUC values are often used to describe the
models and not to compare them. Generally it
is considered that classifiers with AUC values
between 0.5 and 0.7 have low accuracy, bet-
ween 0.70 and 0.90 have moderate and over 0.9
have high accuracy (Swets 1988, Streiner &
Cairney 2007). This classification is rather
subjective and can be somewhat misleading. If
researchers are interested only in restricted
areas of the ROC space it is possible that a
classifier with high AUC value performs worse
that one with a low AUC value. In this case it
would be proper to compare the specific areas
of the two ROC curves. A low AUC value does
not necessarily suggest a bad or poor model;
rather it simply suggests that, beside the
accounted predictors, other factors also exer-
cise influence on the response variable.
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AUC values may be used as model
informative descriptors. In ecological studies,
the value of AUC is influenced by the variables
used to describe the organism habitats and the
spatial scale considered. If the studied orga-
nism is generalist, it may tolerate a wide range
of ecological conditions and thus, may be less
sensitive to the variation of explanatory vari-
ables used to predict its occurrence. This will
lead to a low value of the AUC for the set of
predictor variables used in a given study
although there may be significant relationships
with some variables. Similarly, low AUC
values can be obtained when the spatial scale
considered is wrong. If the studied organism is
specialist (i.e. prefers a narrow range of habi-
tats) and the researchers capture these habitats
in the set of explanatory variables used to
predict the organism occurrence, the AUC
values will be high. High AUC values, how-
ever, will not always suggest that models are
convincing. For example, Hartel et al. (2010a)
found high model fit in predicting the
occurrence of Pelobates fuscus (AUC = 0.80).
However, since the logistic regression give
only negative associations with the habitat
parameters, the model was not considered
straightforward. It was assumed that key vari-
ables for this species (e.g. the soil type) were
omitted from the analysis. Therefore the re-
searcher expert knowledge is important in
interpreting the AUC values.

ROC-AUC may serve the same purpose as
Information Criterions or Global test, namely
to help the researcher to find better models.
ROC curves and AUC values facilitate compa-
risons not only between nested models (com-
parable with all three methods) or non-nested
models built on the same data set (comparable
with Information Criterions and ROC-AUC)
but also comparisons of models that address
the same problems and are built on different
data sets (comparable only with ROC-AUC). It
is desirable that whenever researchers use
logistic regression (or other similar techniques)
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they also provide the model’s AUC value. This
value, like its counterpart from least squares
regression (R?), can suggest whether there is
need for considering other factors to increase
the discrimination power (AUC) or the ex-
plained variance (R?). Providing the AUC
values also facilitates comparisons between
different studies. Ecological data sets tend to
contain many zero values; zero inflated models
(e.g. Zero Inflated Poisson regression or Zero
Inflated Negative Binomial regression) do
inference of this kind of data (Heilbron 1994,
Martin et al. 2005). A first step in zero inflated
data analysis is to discriminate the data in two
groups, one with true and the other with false
zeros. An AUC value helps the researcher to
assess the classification performance, thus
consequently offering valuable information
about the constructed zero-inflated model’s
reliability.

In this paper we argue that ROC graphs
and their associated AUC values combined
with ecological knowledge (e.g. Austin 2007)
are useful tools for the evaluation of model
performance and may serve as a guide for
ecologists in evaluating their efficiency. They
provide an objective ground to decide whether
one or other classification algorithm (or testing
procedure) performs better.
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