
An Ordinal Data Method for the Classification with Reject Option

Ricardo Sousa, Jaime S. Cardoso
INESC Porto, Faculdade Engenharia, Universidade Porto

Campus da FEUP, Rua Dr. Roberto Frias, n. 378
4200-465 Porto, Portugal

{rsousa,jaime.cardoso}@inescporto.pt

Abstract

In this work we consider the problem of binary classifi-
cation where the classifier may abstain instead of classify-
ing each observation, leaving the critical items for human
evaluation. This article motivates and presents a method
to learn the reject region on complex data. Observations
are replicated and then a single binary classifier determines
the decision plane. Our method is compared with standard
techniques on synthetic and real datasets.

1. Introduction

Decision support systems are becoming ubiquitous
in many human activities, most notably in finance and
medicine. Automatic models are being developed to imi-
tate, as closely as possible, the usual human decision [1].
One of the problems with classifying complex items is that
many items from distinct classes have similar structures
in a feature space, resulting in a setting with overlapping
classes. The automation of decisions in this region leads
invariably to many wrong predictions. On the other hand,
although using labels only as ‘good’ or ‘bad’, the deploy-
ment of a decision support system in many environments
has the opportunity to label critical items for manual revi-
sion. Therefore, the development of tripartite classifiers,
with a third output class, the reject class, in-between the
good and bad classes, is attractive.

2. Problem Statement and Standard Solutions

The design of classifiers with reject option can be sys-
tematised in three different approaches: 1) the design of
two, independent, classifiers. A first classifier is trained to
output C−1 only when the probability of C−1 is high and a
second classifier trained to output C+1 only when the prob-
ability of C+1 is high. 2) the design of a single, standard

binary classifier (SBC). If the classifier provides some ap-
proximation to the a posterior class probabilities, then a pat-
tern is rejected if the maximum of the two posterior proba-
bilities is lower than a given threshold. If the classifier does
not provide probabilistic outputs, then a rejection threshold
targeted to the particular classifier is used. 3) the design
of a single classifier with embedded reject option. This ap-
proach has consisted in the design of algorithms specifically
adapted for this kind of problems [3].

3. An Ordinal Data Approach for Detecting
Reject Regions

The rejection method to be presented—rejoSVM—is an
extension of a method already proposed in the literature but
for the classification of ordinal data. For more detail about
this method, the reader should consult [2].

3.1. The Data Replication Method for De-
tecting Reject Regions

The scenario of designing a classifier with reject option
shares many characteristics with the classification of ordi-
nal data. It is also reasonable to assume for the reject option
scenario that the three output classes are naturally ordered
as C1, Creject, C2. In the scenario of designing a classifier
with reject option, we are interested on finding two bound-
aries: a boundary discriminating C1 from {Creject, C2} and
a boundary discriminating {C1, Creject} from C2.

We proceed exactly as in the data replication method for
ordinal data. We start by transforming the data from the
initial space to an extended space, replicating the data, ac-
cording to the rule:

x ∈ Rd↗
↘

[ x
h ] ∈ Rd+1

[ x
0 ] ∈ Rd+1

, where h = const ∈ R+

If we design a binary classifier on the extended training
data, without further considerations, one would obtain the



same classification boundary in both data replicas. There-
fore, we modify the misclassification cost of the observa-
tions according to the data replica they belong to. In the
first replica (the extension feature assumes the value zero),
we will discriminate C1 from {Creject, C2}; therefore we
give higher costs to observations belonging to class C2 than
to observations belonging to class C1. This will bias the
boundary towards the minimisation of errors in C2. Similar
approach is conducted for the second replica.

3.2. Selecting the Misclassification Costs

The typical adoption of the same cost for erring and re-
jecting on the two classes is as follows: assign Clow cost
when classifying a class as reject and assign Chigh cost
when misclassifying. Therefore, Creject = Clow

Chigh
= wr

is the cost of rejecting (normalised by the cost of erring).
The data replication method with reject option tries to min-
imizes the empirical risk wrR + E, where R accounts for
the rejection rate and E for the misclassification rate.

4. Experimental Results

The performance of the classification methods were as-
sessed over two datasets. As in [2], for the synthetic dataset,
we began by generating 400 example points x = [x1 x2]

t in
the unit square [0, 1] × [0, 1] ⊂ R2 according to a uniform
distribution. Then, we assigned to each example x a class
y ∈ {−1,+1} corresponding to

(b−2, b−1, b0, b1) = (−∞;−0.5; 0.25;+∞)

ε1 ∼ N(0, 0.1252), α = 10(x1 − 0.5)(x2 − 0.5)

t = min
r∈{−1,0,+1}

{r : br−1 < α+ ε1 < br}

ε2 ∼ Uniform(b−1, b0), y =


t t 6= 0

+1 t = 0 ∧ ε2 < α

−1 t = 0 ∧ ε2 > α

(1)

The second dataset encompasses 960 observations [1] ex-
pressing the aesthetic evaluation of Breast Cancer Conser-
vative Treatment (BCCT). Here, we aggregated Excellent
and Good into one class, and the Fair and Poor cases into
another.

We randomly split each dataset into training and test sets,
with 5% and 95% of the data, respectively. The splitting of
the data into training and test sets was repeated 100 times in
order to obtain more stable results for accuracy by averaging
and also to assess the variability of this measure. A 5-fold
cross validation was performed. The performance was rep-
resented by an Accuracy-Reject curve where each different
point of the A-R curve corresponds to different values of
wr.

Figure 1 summarises the results obtained for all three
methods on the datasets. A first main assertion is that re-

(a) Synthetic dataset.

(b) BCCT dataset.

Figure 1. The A-R curves for the three
datasets.

joSVM performs better than the simpler solution based on
a single classifier. Comparing the rejoSVM with the two
independent classifiers approach, neither of the two tech-
niques outperformed the other, although rejoSVM beneficts
of simplicity and interpretability.

5. Conclusion

Here we expose an extension of the data replication
method [2] that directly embeds reject option taking a new
perspective by viewing the three output classes as naturally
ordered. Also, this method has the advantages of using a
SBC and embedding the design of the reject region during
the training process.
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