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Abstract
This paper introduces RankOpt, a linear binary
classifier which optimises the area under the
ROC curve (the AUC). Unlike standard binary
classifiers, RankOpt adopts the AUC statistic as
its objective function, and optimises it directly
using gradient descent. The problems with using
the AUC statistic as an objective function are that
it is non-differentiable, and of complexity O n2 
in the number of data observations. RankOpt
uses a differentiable approximation to the AUC
which is accurate, and computationally efficient,
being of complexity O n  . This enables the gradient descent to be performed in reasonable time.
The performance of RankOpt is compared with a
number of other linear binary classifiers, over a
number of different classification problems. In
almost all cases it is found that the performance
of RankOpt is significantly better than the other
classifiers tested.

1. Introduction
In many binary classification tasks, the aim of the classification is to sort the observations into a list so that the minority class observations are concentrated towards the top
of the list. That way, if, due to limited resources, only a
small subset of all observations are acted upon, the sorting will enable a high percentage of the observations of
interest (the minority class observations) to be included in
this subset. In other words, for a given cut-off, or decision
threshold, it is desirable to have as many as possible of the
minority class observations above the threshold (high true
positive rate) together with as few as possible of the majority class observations (low false positive rate). Graphing the true positive rate against the false positive rate as
the decision threshold is varied yields the Receiver Operating Characteristic, or ROC curve. The area under the
ROC curve, or the AUC, is a decision threshold indepenAppearing in Proceedings of the 21st International Conference on
Machine Learning, Banff, Canada, 2004. Copyright 2004 by Telstra Corporation Ltd.
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dent measure of classifier goodness, and has often been
used as such (Bradley, 1997; Weiss & Provost, 2001).
Most binary classifiers, however, have as their objective
function some other measure, such as mean square error,
or one-sided linear or square penalty. When the real objective is to optimise the sorting order, such classifiers are
actually solving the wrong problem. Hence they are likely
to perform sub-optimally when the performance measure is
the AUC. This has been found to be the case empirically on
a wide variety of datasets (Perlich et al., 2003). Similarly,
if the classifier’s objective function is closely related to the
AUC then it yields models with better AUC (Yan et al.,
2003; Cortes & Mohri, 2004).
In this paper, we introduce RankOpt, an algorithm that optimises the AUC directly. RankOpt searches for the linear
model that is optimal for the AUC, using gradient descent
to optimise the model coefficients. It is compared with a
number of other linear binary classifiers, namely: linear
regression (used as a classifier), an SVM with one-sided
linear penalty (SVM-L1) (Cristianini & Shawe-Taylor,
2000), an SVM with one-sided square penalty (SVM-L2)
(Joachims, 1998; Platt, 1998; Vapnik, 1998), and the centroid classifier (Rocchio, 1971).
Section 2 describes RankOpt’s objective function. Section 3 discusses details of RankOpt’s algorithm, and several
issues of relevance to gradient descent, including the possible existence of local minima, and selection of a starting
point. Section 4 describes the experimental procedure, and
the datasets that RankOpt was tested on. It also includes the
results. Related work is discussed in Section 5, followed by
conclusions and future work in Section 6.

2. Objective Function
Consider a rectangular dataset of iid observations, drawn
from a population. The dataset contains P minority class
and Q majority class observations, x  j  j  1  P, and
x k  k  1   Q. It has m predictor variables, so x  j 
xi j  i  1  m , where xi j is the jth instance of random
variable Xi . Likewise, x  j is the jth instance of vector r.v.
X  . Equivalent definitions hold for the majority class. A
single boolean valued target variable defines the class of

any observation. Consider an observation pair, consisting of one observation chosen at random from each class
x  j  x k . The AUC of a model on a given dataset can
be expressed as the probability that for such a random observation pair, the score of the minority class observation
is greater than that of the majority class observation (Bamber, 1975). If the model is linear, with the coefficients of
 then ignoring ties,
the predictor variables given by vector β,
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2.1. The Rank Statistic
Since the heaviside function is undifferentiable, it is replaced by the sigmoid function s x   1  1  e  x  (Yan
et al., 2003), in order to apply gradient descent. We refer
to the resulting approximation to the AUC as the sigmoid
  , defined
rank statistic, or simply the “rank statistic”, R β
as
R
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This calculation can be simplified as follows. Observe that
  have a high
the arguments to the sigmoid function in R β
degree of interdependence. Specifically, for any two minority class observations x  j1 and x  j2 , and majority class observations x k 1 and x k 2 , the following relationship holds.
x  j1

x k 1 


x  j2




x k 2 

x  j1




x k 2 

x  j2


x k 1 




Randomise the order of the observations. Then balance the
data by recycling the P minority class observations until
both classes have Q observations. Then in the rank statistic, only consider observation pairs which consist of the
k mod P  -th minority class observation paired with the kth majority class observation, k  1   Q. This gives the
following linear rank statistic, which is O n  in the number
of majority class observations,
 
Rl β

(1)

  the sigNote that lim  x   ∞ s x   g x  , so that for large  β
moid rank statistic is a good approximation to the AUC. It
is everywhere differentiable, and its first few derivatives are
all tightly bounded. It is straightforward to verify that

ds
dx

Note that the computational complexity of the rank statistic
  is O n2  in the number of observations. A calculation
Rβ
of this complexity must be carried out at every step of the
gradient descent algorithm, which is prohibitive.

For the four observation pairs formed by combinations
of x  j1 , x  j2 , x k 1 , and x k 2 , namely x  j1  x k 1 , x  j1  x k 2 ,
x  j2  x k 1 , and x  j2  x k 2 , the argument to the sigmoid
function for any one of these is fully determined by the
other three. This means that using all PQ observation pairs
  is wasteful. The following alternative
to calculate the R β
is therefore proposed.

is an unbiased estimator of the AUC.

  
β

2.2. Computational Efficiency

s 1  s  1  2s 

The value of the AUC statistic, which is the true objective
 only and not on
function, depends on the direction of β
its magnitude. The rank statistic, on the other hand, de
pends on both the magnitude and the direction of β.
How
ever, at large  β  the rank statistic is a good approximation
  large enough, the rank statisto the AUC, hence for  β
  . Hence we may aptic is also nearly independent of  β
proximate a classifier which optimises the AUC by opti  , constrained to the hypersphere  β
  B, in
mising R β
β-space, with B fixed and fairly large. Formally we are af
 

ter β
OPT  argmax R β  s.t.  β  B, where the value of
B is determined as described in Section 3.
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covariance terms consists of:

By symmetry,

i) PQ terms where j1  j2 and k1  k2 , for which the co  x
 j  x
variance term simply reduces to var s β
 k    V .
ii) PQ Q  1  terms where j1  j2 and k1  , k2 , for which
  x
  x
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For all other terms j1  , j2 and k1  , k2 . Due to the iid
nature of the data, these have zero covariance. This gives
the following expression for the total covariance.
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Assuming that P Q / 1, and that both V1 Q and V2 P are
/ V , this can be simplified to
var R
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The validity of this last assumption has been verified empirically on several datasets used in experimentation.
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The calculation of this variance is similar to that of
  . This time we consider the 3 covariance components:
Rβ
i) k1  k2 ,
ii) k1 mod P   k2 mod P  but k1  , k2 ,
and iii) k1 mod P   , k2 mod P  . This yields
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Let us now consider the ratio of these variances, Le . For
heavily imbalanced data (Q / P), so long as we don’t
have V2 / V1 , both variances reduce to 0 V1  P, and hence
Le 0 1. Since it has been found empirically for several
datasets used in our experimentation that V1 0 V2 , this last
  has no advantage
assumption appears quite safe. So R β



over Rl β for heavily imbalanced data.
Consider, therefore, balanced data. For P  Q, cancelling
common terms leaves the variance ratio to be V1  V2   V .
  , the sigmoid is linear, so
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This leaves only the case of balanced data, with large  β
For this case, we determine the efficiency loss empirically.
On several datasets used for experimentation, Le was mea near the gradient descent solution.
sured for a value of β
In each case it was found to lie in the range  1  5  2 . This
  instead of R β
  , one would
means that if we are using Rl β
need roughly 1.5 to 2 times as much data to get an estima  is
tor of the same variance. When one considers that Rl β
P times more efficient to calculate, we have an overall gain
in computational efficiency of at least P  2. Since P is typ  instead of R β
 
ically at least in the hundreds, using Rl β
affords an enormous efficiency gain.

3. The RankOpt Algorithm
The various components of the RankOpt algorithm are discussed in detail in the following subsections. Pseudocode
is also shown in Table 1.
3.1. Gradient Descent
To simplify notation, we define new random variables,
Zi  Xi  Xi 87 i  1   m, the difference between the minority and majority class r.v.’s. Then using the definition of
the gradient of the sigmoid from Section 2, and the defini  in Eq. 2, we have
tion of Rl β
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Since the gradient descent algorithm is constrained to the
hypersphere ∑i β2i  B, first calculate the unconstrained
gradient using Eq. 4, and then calculate its component in
the direction of the hypersphere surface (i.e. perpendic
ular to β).
Then take a small step in this direction, and
rescale to move back to the surface ∑i β2i  B. Iterate un  is symmetric, i.e.
til a minimum is reached. (Since Rl β
   1
 
Rl β
 Rl  β , it is immaterial whether we talk in
terms of minimisation or maximisation.) The step size,
or learning rate, is increased slightly at each iteration so
  is smaller than its current
long as the new value of Rl β
value. Otherwise, the learning rate is decreased until the
  that will result from taking the step will
new value of Rl β
be smaller than its current value, and only then is the step
 
actually taken. Thus we guarantee that the value of Rl β
on training data will decrease at every iteration.
3.2. Selection of Hypersphere Radius Value
If the hypersphere radius, : B, is too small, then the arguments to the sigmoid function will generally be small, and
the rank statistic will be a poor estimator of the true AUC.

Alternatively, if B is too large, the rank statistic approaches
a sum of step functions, and the rank surface starts to contain many small regions that are nearly flat, connected by
extremely steep inclines, much like steppes on a mountainside. This tradeoff has been observed by Yan et al. (2003).
Such a surface is hard to do gradient descent over. To avoid
the problem of choosing a value for B, we use the data to
calculate a series of increasing B values as follows.
The rank statistic is a sum of sigmoids with different arguments, where the arguments depend on the data. Define “saturation” of the sigmoid function as being when the
magnitude of its argument is 5. These are the almost
flat extrema of the sigmoid function. (That is the sigmoid
returns a value in the range  0 !; 0  006 or  ; 0  994  1 .)
Then define the probability of sigmoid saturation as being the probability that for a randomly chosen observation pair, x  j  x k , the sigmoid function saturates, i.e.
=<

<

  x
Pr β
5   Then calculate a sequence of values
 j  x
 k 
of B, such that each value of B corresponds to a probability
of saturation (on the training data) from the increasing series p. Typically p  0  1  0  3  0  5  0  7  0  75  0  8     , and
we end with a probability of saturation 0 0  99. At this point
  is very close to the true AUC.
Rl β

Having generated the sequence of B-values, start with the
smallest one, and perform gradient descent as described
  is reached. Then move to
above until the minimum Rl β
the next smallest value of B, which will change the rank
surface, and hence the position of the minimum. Continue
 such that its direction is
gradient descent, starting with β

the same as that of the β where the previous gradient descent stopped. Repeat this process iteratively, increasing
B at each iteration, until the sequence of B’s has been exhausted. This way, by the time the problem of “steppes”
begins to arise, almost all of the gradient descent has already been done.
3.3. Local Minima
In performing gradient descent, one must contend with the
possibility of local minima on the error surface. In this
section it will be demonstrated that for a wide variety of
datasets local minima are unlikely to play a significant role.
By the standard definition of expectation
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  is the marginal p.d.f. of the m  1  -dimensional
hα
 . Since g cos  is a rectangle function, and
solid angle α
convolution with a rectangle function has a smoothing effect which will tend to eliminate local extrema, we can
 ! must be
  is unimodal, then E  AUC θ
assert that if h α


unimodal. Further, even if h α
is multi-modal, the local extrema may well be eliminated by convolution with
g cos  .

This, however, holds for the expected rank error, which is
  approaches as the amount of data
what the surface AUC θ
approaches infinity. In reality the amount of available data
is finite, so some local minima may arise due to noise   fluctuates around its expected value. Given
i.e. AUC θ
sufficient data, these fluctuations will be small, and hence
should be close to the location of the expected minimum,
 ! is small. This has been
where the gradient of E  AUC θ
verified empirically by graphing the error surface for a variety of three dimensional problems – as the amount of data
increases, the local minima move closer to one another and
become fewer, until there is only one.
3.4. Starting Point
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Since local minima do not play a significant role, the selection of a starting point for gradient descent should have
minimal impact on the final solution. It may however have
an impact on computational efficiency. Hence it is desirable
to find a starting point that is likely to be close to the final
solution. Intuitively, if a predictor has a large difference in
class specific means, it should be an important predictor in
the model. Also if the class specific variances for a given
predictor are low, it should also be an important predictor in

Table 1: Pseudocode for RankOpt algorithm with PSF
for i = 1 to # of PSF sub-folds (Section 3.7)
initialise saturation probability, Pr(sat) (Section 3.2)
while (Pr(sat)  threshold)
calculate sphere radius, : B (Section 3.2)
set starting point (Section 3.4)
perform gradient descent over the hyper-surface
  , constrained to the sphere of radius
defined by Rl  i 1 β

: B (Section 3.1)
increase Pr(sat)
 for sub-fold i and save as β
 (Section 3.6)
select β
i
 value by averaging β
 over all i
calculate the final β
i

the model. Defining ∆µi  E  Xi   E  Xi  to be the difference in class specific means, or the “class separation” for
predictor i, and Vi  var Xi   var Xi  to be the “class
specific variance”. we select as a starting point
βi


∆µi
i  1
Vi C7



3.5. Plateaus
  surface for a wide variety of three dimenPlotting the Rl β
sional datasets showed that indeed local minima only occur
where they are explainable by the finite nature of the data.
However the underlying minimum is often very broad, with
a low gradient “plateau” around it. It is difficult to do
gradient descent across these plateaus, since even a small
amount of noise creates local minima. Handling these is a
subject of its own, beyond the scope of this paper. For now
we settle for developing a heuristic based linear rescaling,
to partly eliminate plateaus. This is applied in addition to
the scaling of Section 3.4.

3.6. Model Selection Rule
Recall that in Eq. 2 an O n  rank statistic was defined.
Note that one could easily offset either the minority or
majority class data relative to the other by a observations,
a  1   P  1, yielding the equivalent statistic
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For any a  , 0 it is clearly somewhat correlated with Rl β
but it nonetheless yields a convenient validation set which
is at least partly independent of the training set, and comes
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where a1  , a2 . The covariance term has the same value for
all a1  a2 , so simplify the above expression as follows.
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In practice, we linearly scale every predictor variable xi by
∆µi  Vi , so that in the scaled space our starting point be 
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at no extra cost (in the sense that it comes wholly from
within the training data). To see exactly to what extent this
validation statistic is independent, we would like to find the
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Given the range of values of Le found empirically in Section 2.2, we can safely assume that LPe / 1 so we have
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Recall (Section 3.2) that training involves a series of gradient descent runs with increasing values of B, each one
converging to its own local minimum. Which one of these
minima do we select as being closest to optimal? A first
 corresponding to the largest value
guess might be that the β
of B should be selected, but this tends to cause overtrain 
 which minimises R
ing. So we select the β
l  a β , for some
arbitrarily chosen value of a. It was found empirically that
despite the correlation between the training and validation
statistics, such a selection rule usually results in a model
that is very close to optimal on the test set.
3.7. Sub-Folds
The existence of a semi-independent rank statistic,
 
Rl  a β
 a  , 0, can be used to advantage in a way that
goes beyond development of a model selection rule. It can
be used to supply a second, albeit correlated, training set,
which can be used to augment the training itself.
One can execute two totally separate gradient descent training runs, one in which the error surface is defined by the
  , and the other in which it is defined by
statistic Rl β



  a  0. These yield two separate estimates of the
Rl  a β
,


optimal β,
which are at least partially independent. Intuitively, averaging these two estimates is likely to yield a
better test result, because any error components that are in
opposite directions will cancel.

We refer to this technique as pseudo sub-folding (PSF).
PSF can be extended, of course, to more than two sub-folds.

4. Experimental Description and Results
Two sets of experiments were performed. The first tests
the performance of RankOpt with various settings of PSF,
namely: no PSF; PSF with two sub-folds (PSF2); and PSF
with three sub-folds (PSF3). The second set of experiments
compares the best of these with the other linear classifiers.
For the SVM classifiers and the centroid classifier, the scaling of the data can significantly impact the classifier’s performance. Further, the SVM classifiers’ performance can
be significantly affected by the penalty parameter of the error term. The SVM’s and the centroid classifier were therefore run with both the same scaling as RankOpt, and with
no scaling at all. Further, the SVM’s were run with three
different values of penalty parameter – 10, 103 , and 105 . In
each case the best result only is quoted.
4.1. Datasets
Experiments were performed on eight datasets, from different domains and of different levels of difficulty. The minority class was typically between 10% and 40% of the data.
Forest Cover Type (forest): Data was downloaded from
the UCI KDD repository. It classifies 30 - 30 metre cells of
forest into one of seven cover types based on the cell’s dominant tree type. The two most populous classes (Spruce-Fir
and Lodgepole Pine) were extracted, and the binary classification task consisted of distinguishing between these
classes. A total of 10 predictors were used, these being
the 10 continuous predictors supplied for the data.
Housing Mortgage (housing): Data was downloaded from
the U.S. Census Bureau 5% Public Use Microdata Sample
(PUMS) containing individual records of the characteristics of a 5% sample of housing units for the state of Florida.
Amongst all housing units which had a mortgage, the binary classification task was to distinguish between those for
which the mortgage had been paid off and those for which it
hadn’t. The 12 continuous or ordinal predictor variables included the total household income, the room and bedroom
counts, rate costs (electricity, water and gas), the property
tax rate, insurance rate and property value.
Telecommunications Churn (churn10 and churn31):
Data on mobile phone customers of a large telecommunications carrier was used to learn to distinguish between those

that churned to a competitor in the following three months
and those that didn’t. After rebalancing,1 the minority class
was ; 40% of the data. A set of 31 continuous and ordinal
variables was used for prediction, including bill and product information. Further, a subset of 10 of these predictors
was selected, none of which were particularly predictive,
resulting in a difficult to learn task. This made up a second
telecommunications binary classification task.
Marital Status (married): As for the housing mortgage
dataset, data was downloaded from the U.S. Census Bureau PUMS. From this dataset a 1% sample of individual
records from the state of California was extracted. The binary classification task was to distinguish between individuals who have been married (whether currently married or
not), with individuals who have never been married. The
predictors were 11 continuous variables, including ones relating to age, education level, income, and working hours.
Intrusion Detection (intrusion): This dataset consists of
a random sample of the intrusion detection data used for
the 1999 KDD Cup competition. The classification task
was to distinguish between normal use and intrusion. The
10 predictors used were a subset of all continuous predictors available with the data, as certain continuous predictors
were omitted to make the problem more challenging.
Handwritten Digit Recognition (digit): Data was downloaded from the MNIST handwritten digit database. Each
observation in this dataset consists of a bitmap of 28 - 28
grayscale values, representing a handwritten digit. Each
observation was converted to lower resolution (7 - 7 pixels)
to reduce the dimensionality of the problem. The classification task was to distinguish between the digit ‘0’ and all
other digits. To make the problem more challenging, only
the top 3 rows of pixels (21 pixels) were used. Further, pixels near the corners which contain almost no information
were discarded. The result was a 17 dimensional dataset.
Weather Season Prediction (weather): There is a grid of
weather buoys in the equatorial region of the Pacific Ocean.
These take meteorological measurements, including wind
speed and direction, air and sea temperature, and humidity
at regular intervals. The resulting data is available at the
website of the Tropical Atmosphere Ocean project. Hourly
measurements for all buoys over the period from May 1999
to April 2000 were downloaded. The classification task
was to distinguish meteorological readings made during the
northern hemisphere Autumn months (October, November
and December) from those made in other months.
1 The proportion of minority class observations for this dataset
is very small. Hence the data was rebalanced so as to include sufficient minority class observations without using a prohibitively
large amount of majority class data. The RankOpt algorithm does
not require this rebalancing, but does require sufficient observations of each class for training.

4.3. Effect of PSF
Figure 1 shows the results of the first set of experiments,
namely, measuring the effect of PSF on RankOpt’s performance. We measure the mean of the AUC on the test sets
(y-axis), at each training data quantity (x-axis), for all eight
datasets, for all three PSF settings. Vertical bars show a one
standard error confidence interval. The standard error did
not vary much with training set size, hence it is shown for
one training set size only. It appears that PSF has a beneficial effect for all datasets except for churn10, intrusion, and
perhaps weather, where it has no significant impact. However the difference between PSF2 and PSF3 is minimal for
all eight datasets. Therefore, for the purposes of comparing
with other classifiers, we select RankOpt with PSF2.
4.4. Comparison with Other Linear Classifiers
Figure 2 shows how RankOpt with PSF2 compares with
the other classifiers. The meaning of the axes is as in Figure 1. The SVM-L1 algorithm is computationally intensive, and results could not be generated in reasonable time
for any more than 6000 training observations, so only these
are shown. Error bars are not shown as they are mostly
insignificant relative to the difference in classifier performance. For six of the eight datasets, RankOpt is a clear
winner. For the forest data, linear regression is compara-
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To lend statistical significance to our results, it is desirable
to apply each classification method to a large number of
independent training sets, and average the AUCs of the resulting models on the test sets. This necessitates that the
training sets for multiple runs of each algorithm be mutually exclusive of one another. Hence each dataset was split
into n mutually exclusive folds, and in each run of each
classifier, training was performed using one fold, and the
resulting model was tested on the remaining n  1. With
the exception of the digit dataset, which contains 60,000
observations, each of the datasets contains a minimum
of 180,000 observations. So from each of these datasets
180,000 observations were randomly selected. These were
split randomly into 60 mutually exclusive folds (n  60),
with 3000 observations each. 60 runs of each classification
algorithm (RankOpt, linear regression, SVM-L1, SVM-L2,
and centroid ) were then performed, each using a different
one of the 60 folds for training (and hence validation), and
the other 59 for testing, as described above. This yielded
60 test results for each classifier for each dataset. This
experimental procedure was then repeated using different
amounts of training data – 30 folds of 6,000 observations,
15 - 12,000, 9 - 20,000, and 6 - 30,000. The experimental
procedure for the digit dataset was identical except that the
number of folds was divided by 3 in each case.
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Figure 1. Rank statistic using RankOpt optimisation, with three
different levels of PSF.

ble to RankOpt, even outperforming it when the amount
of training data is limited, and SVM-L1 performs only
marginally worse than RankOpt. For the digit data, SVML2 performs only marginally worse than RankOpt. The
simple centroid classifier is usually by far the worst, and
often doesn’t even make it onto the chart. Note that there
is no clear “runner up” to RankOpt amongst the other classifiers, with each being far worse than RankOpt at least occasionally – linear regression fails to make it on to the chart
for the housing dataset, and the SVM’s fail to make it on to
the chart for the weather dataset.
It is noteworthy that the SVM and centroid classifiers are
highly sensitive to how the original data are scaled. SVM’s
also have the drawback that they require a penalty parameter to be set, and results can be quite sensitive to this. For
the churn dataset with 31 dimensions, the linear regression
package occasionally reported a warning that the matrix
was ill-conditioned, and hence results may be unreliable.
It is expected that this problem would arise with increasing
frequency as the number of predictors increases.
In terms of computational efficiency, it is worth noting that
unlike some other linear classifiers, RankOpt is linear in
both the number of training observations and in the number of predictors. Since neither the RankOpt code nor the
SVM code used to this point has been optimised, it would
be difficult to draw any conclusions from a direct comparison of execution times of the various classifiers.

5. Comparison with Related Work
We note that other algorithms have been developed in
which the objective function closely approximates the AUC
(Yan et al., 2003; Cortes & Mohri, 2004). These differ from
ours in several important ways. In particular, they yield
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Figure 2. RankOpt with PSF measured against other classifiers

non-linear models, whereas RankOpt’s models are strictly
linear. Therefore, direct comparison between RankOpt and
these other techniques would be appropriate only after extending RankOpt to non-linear space. (Section 6).
In Yan et al. (2003), the sigmoid approximation of the AUC
is considered, but rejected in favour of a polynomial approximation. The claim is made that the sigmoid approximation with a small β is not accurate enough, and with
a large β one creates too many steep gradients. Although
these observations are true, we have shown that by using a
series of increasing β values, this trade off can be avoided.
Cortes & Mohri (2004) use boosted decision stumps to
optimise the AUC. This method is quite different from
RankOpt’s gradient descent over the rank statistic surface.
Comparison between their method and a non-linear extension of RankOpt would be of interest.

6. Conclusion and Future Work
We have introduced RankOpt, a linear binary classifier
which optimises AUC. RankOpt was compared to a number of other linear binary classifiers, and in almost all cases
was found to significantly outperform them.
This work has focussed on prediction tasks in which the
predictors are all either continuous or ordinal. It is planned
that this will be extended to include binary valued predictors, enabling the development of a non-linear classifier via
binarisation of continuous and ordinal predictors.
Scaling of the data has been found to significantly affect
RankOpt’s performance. This is an issue that we plan to
explore more thoroughly in the future.
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