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ABSTRACT

Outcome prediction plays a vital role in cancer treatment. It
can help to update and optimize the treatment planning. In
this paper, we aim to find discriminant features from both
PET images and clinical characteristics, so as to predict the
outcome of a treatment to adapt the therapy. As both infor-
mation sources are imprecise, we propose a novel feature s-
election method based on Dempster-Shafer theory to tackle
this problem. Then, a specific objective function with spar-
sity constraint is developed to search for a feature subset that
leads to increasing prediction performance and decreasing da-
ta imprecision simultaneously. Our approach was applied to
two real data sets concerning to lung tumour et esophageal
tumour, showing good performance.

Index Terms— Outcome Prediction, Feature Selection,
Dempster-Shafer Theory, PET imaging

1. INTRODUCTION

Accurate outcome prediction prior to or even during the can-
cer treatment is of great clinical value, upon which more
effective treatment planning can be updated. Medical imag-
ing plays a fundamental role in this task, since it realizes
noninvasive monitoring of tumour lesions. Some research
has proven that functional information provided by fluoro-
2-deoxy-D-glucose (FDG) positron emission tomography
(PET) is predictable for response of therapy [1]. In FDG-
PET, well-explored imaging features include, but are not
limited to, metabolic tumour volume (MTV), total lesion g-
lycolysis (TLG), as functional indices describing metabolic
tumor burden, and standardized uptake values (SUVs) de-
scribing FDG uptake within a region of interest (ROI), e.g.
SUVmean, SUVpeak, or single pixel (SUVmax). Addition-
ally, texture analysis through PET images may also provide
potential complementary predictive value for outcome assess-
ment [1]. However, there is no consensus to determine the
most predictive variables.
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Feature selection is a good way to tackle this challenge.
It aims to select a subset of features that facilitates data un-
derstanding and improves prediction performance [2]. Filter,
wrapper and embedded methods are the three main categories
of feature selection algorithms. Utilizing variable ranking as
the principal selection mechanism, filter methods are simple
and scalable; however, they can produce a sub-optimal subset
as they ignore correlation between features [2]. Wrapper and
embedded methods, such as sequential selection algorithm-
s [3] and direct objective optimization methods [4, 5], use the
prediction accuracy of classifiers as the criteria for selecting
feature subsets. They are more likely to yield optimal fea-
ture subsets than filter methods. However, available wrapper
or embedded methods are not designed to work for imperfec-
t data with uncertainty, as often encountered in the medical
domain. This motivates us to design a new feature selection
approach to select the most discriminant PET-based and clin-
ical features from imperfect patient data.

In this paper, a novel wrapper selection method based on
Dempster-Shafer theory is proposed. A modified evidential
K-nearest neighbour classifier (mEK-NN) is designed at first,
in which the previous evidence construction protocol of clas-
sical EK-NN [6] is improved to achieve a more robust repre-
sentation of the uncertainty about given data. Then, based on
mEK-NN, a special objective function is developed to search
for predictive feature subsets that lead to high classification
accuracy and low overlapping between classes (low impreci-
sion and uncertainty).

The rest of this paper is organized as follows. The fun-
damental background on Dempster-Shafer theory is reviewed
in Section 2. Then the proposed method is presented in Sec-
tion 3, followed by some experimental results presented in
Section 4. Finally, Section 5 concludes this paper.

2. DEMPSTER-SHAFER THEORY

As a formal framework to model and fuse imperfect informa-
tion (partial knowledge) for reasoning and decision making,
Dempster-Shafer theory (DST) [7] is the extension of both
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probability theory and set-membership approach.
Let ω be a variable taking values in Ω = {ω1, · · · , ωc},

called the frame of discernment. An item of evidence regard-
ing the actual value of ω is represented by a mass function m
from 2Ω to [0,1], such that

∑
A⊆Ωm(A) = 1. Each A ⊆ Ω

corresponds to a hypothesis that ”ω ∈ A”. Function m is said
to be normalized ifm(∅) = 0, which is assumed in this paper.

The credibility and plausibility of subset A are, respec-
tively, quantified by the belief and plausibility function:

Bel(A) =
∑
B⊆A

m(B); Pl(A) =
∑

B∩A6=∅

m(B). (1)

Two mass functionsm1 andm2 derived from independent
items of evidence can be combined by the Dempster’s rule to
generate a new mass function:

(m1 ⊕m2)(A) =
1

1−Q
∑

B∩C=A

m1(B)m2(C) (2)

for all A ∈ 2Ω/∅, where Q =
∑
B∩C=∅m1(B)m2(C) is the

degree of conflict between these two pieces of evidence.
If Q is large, which reveals a strong conflict between the

items of evidence, Yager’s rule [8] can also be used to com-
bine two mass functions:

m(A) =


0 , if A = ∅;∑

B∩C=A

m1(B)m2(C), if A ⊂ Ω, A 6= ∅;

m1(Ω)m2(Ω) +Q, if A = Ω.

(3)

Using Yager’s rule, the conflicting mass of belief is conserva-
tively assigned to the whole frame Ω.

3. APPROACH

In this section, the construction protocol of mass function in
our modified EK-NN (mEK-NN) is described at first, upon
which the feature selection procedure is then presented.

3.1. Construction of Mass Functions

Let {(Xi, Yi)|i = 1, · · · , N} be a collection of N training
pairs, Xi = [x1, · · · , xv] the ith training instance with v fea-
tures, and Yi be its class label. Assume all class labels form
a frame of discernment Ω = {ω1, · · · , ωc}. A mass function
regarding each query instance Xt’s class can be constructed
as follows.

Step 1: LetXj be the jth (j ∈ {1, . . . ,K}) nearest neigh-
bour of Xt. According to [6], the knowledge that Yj = ωq
(q = 1, · · · , c) supports the hypothesis that the query instance
Xt also belongs to this class. This piece of evidence can be
quantified as {

mt,j(ωq) = α · e−γqd
2
t,j

mt,j(Ω) = 1− α · e−γqd
2
t,j

, (4)
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Fig. 1. Example tumour uptakes on FDG-PET imaging from
different views; (a) recurrence and no-recurrence instances
before treatment of lung tumour; (b) disease and disease-free
instances before treatment of esophageal tumour.

where dt,j is the distance between Xj and Xt. In our appli-
cation, this distance represents the dissimilarity between two
patients (Xj and Xt). In addition, α and γq are two constant
parameters. We can heuristically set α = 0.95, and let γq be
the inverse of mean distance between training instances with
label ωq .

Step 2: The nearest neighbours with the same class label
ωq are grouped as a set Γq . Since the corresponding mass
functions have relatively low conflicts, Dempster’s rule [7] is
used to fuse them to obtain Γq’s group mass functions mΓq

t .
Step 3: We can assume that, when more neighbours be-

long to the same class,Xt will also be more likely to be in this
class. So the mass functions obtained in last step are further
discounted according to each set’s size:{

dm
Γq

t (ωq) = (
|Γq|
|Γmax| )

η ·mΓq

t (ωq)

dm
Γq

t (Ω) = 1− (
|Γq|
|Γmax| )

η ·mΓq

t (ωq)
, (5)

where |Γmax| is the maximum cardinality in {|Γ1|, · · · , |Γc|},
and η (≥ 0) is a coefficient that controls the discounting level.
A larger η brings stronger discounting. Heuristically, average
good results with η = 0.5 have been found.

Step 4: Mass functions in different sets possibly contain a
certain degree of conflicts, especially when there are similar
amounts of nearest neighbours. So, Yager’s rule is chosen to
fuse the corresponding mass functions of set Γ1 to Γc. The
global mass function regarding the class label of Xt is:

mt(ωq) = dm
Γq

t (ωq) ·
∏

h∈{1,...c}\q

dmΓh
t (Ω)

mt(Ω) = 1−
c∑
t=1

mt(ωq)

. (6)

Final decision regarding the class label Xt is based on the
credibility or plausibility criteria (i.e., Belt and Plt). They
lead to the same prediction in our application.

3.2. Evidential Feature Selection

A good feature subset should meet three requirements:
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1. High classification accuracy;
2. Low imprecision and uncertainty (small overlaps be-

tween different classes);
3. Sparsity to reduce the risk of over-fitting.

According to these requirements, we propose an evidential
feature selection (EFS) method.

LetXi andXj be two training instances (patients have la-
beled outcome) with v features, a simple weighted Euclidian
distance metric is used to measure their dissimilarity:

di,j =

(
v∑
p=1

λp · dpi,j
2

)1/2

(7)

where dpi,j is the difference between the pth dimension of the
two feature vectors, and λp ∈ {0, 1} is the corresponding
binary coefficient. Features will be selected by determining
{λ1, . . . , λv}. The pth dimension of the feature vectors will
be selected if λp = 1, and vice versa.

Applying this weighted euclidian distance in Equation (4)
to represent evidence from the nearest neighbours, then us-
ing the procedure described in Section 3.1 to construct mass
functions for all training samples, an objective function is pro-
posed to be minimized:

1

n

n∑
i=1

c∑
q=1

(Pli(ωq)−ti,q)2+ρ× 1

n

n∑
i=1

mi(Ω)+ξ×Spa. (8)

In this objective function, the first term is a square error mea-
sure corresponds to the first requirement, Pli is the plausibil-
ity (Equation (1)) of singletons for training sample Xi, ti,q is
the qth element of a target output vector ti = {ti,1, . . . , ti,c},
with ti,q = δi,q if Yi = ωq . The second term corresponds to
the second requirement, which penalizes subsets that result in
high imprecision; while the last term forces the feature sub-
set to be sparse. An approximation of the l0-norm is utilized
with Spa =

∑v
p=1(1 − e−5λp). As two hyper-parameters, ρ

and ξ should be tuned for given data to compromise between
prediction accuracy, imprecision ratio and feature subset size.
Generally, appropriate values could be found by rough grid
searching with ρ ∈ [0, 0.5] and ξ ∈ (0, 0.1].

As a global optimization method, the integer genetic algo-
rithm [9] is used to solve this integer optimization problem.

4. EXPERIMENTAL RESULTS

In this section, the proposed feature selection approach is
compared with several state-of-the-art feature selection meth-
ods. Its applicability is then assessed for different predictors.
Two real patient data sets were used:

1) Lung Tumour Data: Twenty-five patients with stage
II-III non small cell lung cancer were studied. 52 SUV-based
(SUVmax, SUVmean, SUVpeak, MTV and TLG) and texture-
based (gray level size zone matrices (GLSZM) [1]) features

were extracted. The definition of recurrence for patients at
one year after the treatment is primarily clinical with biopsy
and PET/CT. Local or distant recurrence is diagnosed on 19
patients, while no recurrence is reported on the remaining 6
patients (example images can be seen in Figure 1(a)).

2) Esophageal Tumor Data: Thirty-six patients with e-
sophageal squamous cell carcinomas were studied. We have
29 SUV-based (SUVmax, SUVmean, SUVpeak, MTV and
TLG), GLSZM-based and patients’ clinical features (gender,
tumour stage and location, WHO performance status, dyspha-
gia grade and weight loss from baseline). The disease-free
evaluations include a clinical examination with PET/CT and
biopsies. 13 patients were labeled disease-free when neither
loco regional nor distant tumor recurrence is detected, while
the remaining 23 patients were diagnosed as disease-positive
(example images can be seen in Figure 1(b)).

4.1. Feature Selection Performance

In the leave-one-out cross-validation protocol, the proposed
evidential feature selection (EFS) was compared with two
classical wrapper methods (SFS and SFFS [3]) and a wide-
ly used imbedded method, SVMRFE [5]. The classification
accuracy of SVM (Gaussian kernel with σ = 1 was empiri-
cally chosen) serves as the selection criteria in SFS and SFFS.
The optimal hyper-parameters used in EFS and cutoff thresh-
olds for all the last three methods (feature subsets selection)
were determined using a rough grid search strategy. In each
iteration, the selected feature subsets were used to predict the
test data. The same SVM classifier was still used after SFS
and SFFS, while the proposed mEK-NN was executed after
EFS. Finally, the average prediction accuracy with 95% con-
fidence interval and the selected subset size were calculated.
Based on feature frequency statistics, the robustness of se-
lection methods was evaluated using the criteria introduced
in [10]. All these results are summarized on Table 1, in which
experiments of SVM with all features are presented too as
baseline for comparison. As can be seen, the proposed EFS
method leads to both higher accuracy and higher robustness.

The four features robustly selected by EFS in Lung Tu-
mour are one SUV-based feature (SUVmax during radiother-
apy) and three texture-based features; while the three features
robustly selected in Esophageal Tumour are one SUV-based
feature (TLG before the treatment) and two clinical features.

4.2. Classification Performance

We further tested whether feature subsets selected by EF-
S are applicable for other classifiers. To this end, Artificial
Neural Networks (ANN), SVM, EK-NN, and the proposed
mEK-NN were studied. The scaled conjugate gradient back-
propagation network was used here in testing ANN. The num-
ber of neurons in the hidden-layer was empirically set as 10.

In the leave-one-out cross validation protocol, the selected
feature subsets and all features were fed in these classifiers.
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Table 1. Comparing feature selection methods using leave-one-out cross-validation. Average prediction accuracy (%) with 95%
Confidence Interval (CI), selection robustness (%) and selected subset size are presented. EFS∗ denotes the proposed method.

Method Lung Tumour Data Esophageal Tumour Data
Accuracy [95% CI] Robustness Subset size Accuracy [95% CI] Robustness Subset size

All features 76 [58-94] n/a 52 64 [47-80] n/a 29
SFS 84 [69-99] 60 3 53 [36-70] 63 3
SFFS 72 [53-91] 54 4 81 [67-94] 53 3
SVMRFE 92 [81-100] 57 5 75 [60-90] 80 5
EFS∗ 100 [100-100] 94 4 81 [67-94] 92 3

Table 2. Comparing the average prediction accuracy (with 95% confidence interval) of features selected by EFS with all
features using different classifiers. mEK-NN∗ denotes the proposed classification method.

Classifier Lung Tumour Data Esophageal Tumour Data
without EFS with EFS without EFS with EFS

ANN 68 [48-88] 92 [81-100] 67 [50-83] 83 [71-96]
SVM 76 [58-94] 100 [100-100] 64 [47-80] 81 [67-94]
EK-NN 68 [48-88] 96 [88-100] 64 [47-80] 83 [71-96]
mEK-NN∗ 56 [35-77] 100 [100-100] 53 [36-70] 89 [78-100]

The average classification accuracy is summarized in Table 2.
As can be seen, the proposed EFS improves all classifiers’
prediction accuracy. In addition, it has the best performance
when working with our mEK-NN.

5. CONCLUSION

In this study, a novel approach based on Dempster-Shafer
theory has been developed to find discriminant features from
both PET images and clinical characteristics, so as to predict
the outcome in cancer treatment. Experiments on two real da-
ta sets have been designed to evaluate the performance of the
proposed method. The obtained results show that it can ro-
bustly select discriminant feature subsets to improve the pre-
diction accuracy. The selected SUV-based features have al-
so been confirmed important in other studies [1]. Our future
work will evaluate the proposed method on more and larger
data sets with different types of tumours.
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