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Abstract

In this paper we propose an innovative automatic system
for diagnosing severe intestinal motility dysfunctions based
on a joint feature selection and classifier learning. A novel
acquisition technology, the Wireless Capsule Video En-
doscopy, is used as source of data and visual information
is exploited to characterize intestinal motility dysfunctions.
In particular, the method automatically selects the most rel-
evant visual features among a set of them defined by med-
ical experts and, simultaneously, carries out the classifica-
tion training. Thus, the dimension of the input data is re-
duced without any accuracy loss. To assess the accuracy of
the proposed method we use the results obtained with the
currently applied invasive diagnosis test, the manometry.

1 Introduction

In many medical classification problems the definition of
the data attributes is a hard process which leads to a large set
of features with different relevance. In these cases, feature
selection approaches can be used to preserve the most in-
formative feature subset for the classification task. Feature
selection methods are useful when the input data dimension
is large compared with the number of samples of the data
set and it has been shown that they improve generalization
when irrelevant features are present [1]. According to [1],
feature selection approaches are divided into filters, wrap-
pers and embedded approaches. The most common ones are
filters which act as a preprocessing step independent of the
final classifier. In contrast, wrappers consider the classifier
as a black box. Finally, embedded approaches simultane-
ously determine features and classifier parameters during
the training process. There are specifically tailored meth-
ods for feature selection in non-parametric classifier learn-
ing. Guyon et al. [1] proposed a feature ranking method
for Support Vector Machines (SVM) where the selection
is performed by Recursive Feature Elimination while We-
ston et al. [2] used the gradient descent method over an
upper bound of the leave-on-out error for selecting the opti-
mal subspace. Nevertheless, there exist only few embedded
methods addressing feature selection in connection with

non-parametric classifiers up to now. Recently, Krishnapu-
ram et al. developed a joint classifier and feature optimiza-
tion method for kernel classifiers [3]. The method shows
promising results in high dimensional data sets. Neverthe-
less, the resulting kernel classifier model is learned using
the Expectation Maximization algorithm and the compu-
tational complexity becomes unpractical for large training
data sets.

In [4] a method for joint feature selection and classifier
learning (JFSCL) using a sparse Bayesian approach is pre-
sented. This method optimizes a global loss function that
includes a term associated with the empirical loss and an-
other one representing a feature selection and regularization
constraint on the classifier parameters. To minimize this
function a recently proposed technique, the Boosted Lasso
algorithm is used. It follows the regularization path of the
empirical risk associated with the loss function. The al-
gorithm is developed for a non-parametrical classification
method, the Relevance Vector Machine (RVM).

In this paper, we propose to apply this JFSCL method
to a medical imaging classification problem: the diagno-
sis of severe intestinal motility dysfunctions. Currently, the
most extended diagnosis test for small bowel motility dis-
orders is intestinal manometry [5], which measure the con-
tractile activity as variations in pressure. This technique is
highly invasive and requires hospitalization of the patient
and monitorization of the whole process by medical staff.
A recently appeared alternative acquisition method is the
Wireless Capsule Video Endoscopy which consists of a cap-
sule with a camera, a battery and a set of led lamps for il-
lumination. This capsule is swallowed by the patient, emit-
ting a radio frequency signal which is received and stored
in an external device. The result is a video movie which
records the ”travel” of the capsule along the intestinal tract.
This novel technique is much less invasive than the manom-
etry. Moreover, novel approaches using this new video en-
doscopy data have been developed and successfully applied
to detect some intestinal affections such as cancer, bowel
Crohn’s disease and small bowel ulcers [6]. However, as far
as we know, WCVE has not been used to deal with motil-
ity diseases, being this a challenging field of research. The
aim of this work is to automatically detect intestinal motility
dysfunctions using WCVE as a source of data.
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We formulate this problem as a binary classification task
which requires a previous process to define the feature
space. Note that this feature space is as large as we want,
since the provided visual information is very rich. Thus,
we are changing the one-dimensional feature space of the
manometry to a new space with many visual features. Ex-
perts carry out the analysis of the intestinal elements and
events present in the zone of interest of the downloaded
video, and decide which ones are physiologically the most
interesting ones. We assign a label to each relevant basic
intestinal characteristic. After some videos are labelled, the
experts study the resulting patterns of the intestinal activity
based on the labels, leading to the definition of the video
features which better characterize the intestinal behavior of
subjects with some dysfunctions (we call them patients) and
distinguish it from the normal activity of healthy subjects.
Once the features are defined, our goal is to select the most
relevant ones in terms of motility diseases diagnosis. The
JFSCL method is used to perform the feature selection and
the classification of a new test set.

The paper is organized as follows: in Section 2 we de-
scribe in detail the characteristics of the new video data
obtained by capsule endoscopy and we introduce the em-
ployed methodology. In Section 3, we present the experi-
mental results, and finally, we expose the conclusions.

2 Material and Method
The video frames recorded by the wireless endoscopic cap-
sule have a resolution of 256 × 256 pixels, with a circular
field of view of 240 pixels of diameter and spanning 140
degrees. In Figure 1 we display a frame, where the gut wall
and lumen is visualized.

Figure 1: Example of intestinal video image

Medical experts concentrate in a portion of the video to
study the motility dysfunctions. They are in charge of the
assignment of frame labels and the definition of video fea-
tures. The defined labels are the following: turbid, tunnel,
static, level of wrinkle presence, phasic contractions and
non-occlusive contractions. The turbid is food in digestion
or intestinal juices. A tunnel is a sequence of frames where
the lumen is static for a long period of time. Static frames
appears when the camera has a null apparent motion and the
visualized frames are almost the same. The wrinkle star pat-
tern is an omnipresent characteristic of the sustained con-
tractions. In the frames where the wrinkle pattern appears

we observe strong edges of the folded intestinal wall, dis-
tributed in a radial way around the intestinal lumen. Phasic
contractions are the result of muscular stimulation produced
by the nervous system. In occlusive contractions the lumen
in the central frame is completely closed, whereas in non-
occlusive contractions the lumen never appears completely
closed. Sustained contractions can be visualized as a con-
tinuous closing of the intestinal lumen. Figure 2 display
some examples of these labels.

Figure 2: Some different intestinal video images. From
top to bottom: Static Sequence, Turbid frames, Tunnel Se-
quence, Occlusive contraction, Non-Occlusive contraction
and Sustained Contraction.

Once the important information at frame level is ex-
tracted the set of video features are defined to characterize
symptom of intestinal disease. These features are the fol-
lowing: 1. Percentage of tunnel in valid frames, 2. percent-
age of tunnel in all video, 3. mean of static value of tunnel
frames, 4. mean length of tunnel sequences with gaps ≤ 10
frames, 5. median of the length of tunnel sequences with
gaps ≤ 10 frames, 6. mean length of tunnel sequences with
gaps ≤ 60 frames, 7. median of the length of tunnel se-
quences with gaps ≤ 60 frames, 8. turbid percentage in
all video, 9. percentage of turbid static, 10. mean of static
value of turbid frames, 11. mean length of turbid sequences,
12. percentage of wrinkle frames in valid frames, 13. per-
centage of wrinkle frames in all video, 14. mean of wrinkle
level in all video, 15. mean length of wrinkle sequences, 16.
percentage of frames with low value of wrinkles, 17. per-
centage of frames with high values of wrinkles, 18. median
of the length of wrinkle sequences, 19. percentage of static
frames in valid frames, 20. percentage of static frames in all
video, 21. mean length of static sequences, 22. mean of sta-
tic value of valid frames, 23. median of the length of static
sequences, 24. number of contractions per minute in valid
frames, 25. number of contractions per minute in all video,
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26. percentage of contractions with wrinkles, 27. percent-
age of non-occlusive contractions, 28. number of sustained
contractions per minute in all video.

The binary classification problem takes as input a N-
dimensional training data set D = {(xn, yn)}n=1,..N ,
where xi ∈ Rd is a sample and yi is an integer value
representing its corresponding label. The two classes are
formed by the video samples with and without severe in-
testinal motility dysfunctions and are denoted C1 and C2

respectively. The dimension d of the input space is initially
the number of features firstly defined by the experts.

It is known that the result accuracy of a classifier can
be improved by performing an appropriate feature selec-
tion and determining which the most suitable subset of vari-
ables to consider during the classification process is. For
this purpose, we apply the method presented in [4]. This
method uses a Laplace prior to promote sparsity on the
Relevance Vector Machine classifier parameters, as well
as on the distribution of the selected features. Formally,
given the samples of a 2-class classification problem, the
negated log-likelihood estimator for the parameters set w =
(w0, ..., wN ) is defined as follows:

L(D,w) = −
N∑

i=1

P (y = 1|xi)ynP (y = 0|xi)1−yn . (1)

To promote sparsity on the selected vectors the loss
function L(D,w) is penalized through a constraint such
as R(w) = ‖w‖1, getting the following loss function
G(w) = L(D,w) + λR(w). The estimate for w when
using this model can be interpreted as a Bayesian poste-
rior mode estimate when the prior on the parameters are
independent double-exponential (Laplace) distributions [7].
This is a simple formulation of the RVM, that can be called
the Laplacean RVM (L-RVM).

To control the activation of the features, a new parame-
ters vector v = (v1, ..., vd) is considered. Then, the global
loss function for the RVM is constrained by an extended
parameter set Ω = (w,v):

Γ(Ω) = L(D,w,v) + λQ(w), (2)

and Q(w) = ‖w‖1+‖σd
k(v)‖1, where σd

k : Rd → Rd is de-
fined as σd

k(a) = (σk(a1), ..., σk(ad)), ∀a = (a1, ..., ad) ∈
Rd, k any positive real value, and σk : R → R is the sig-
moid function defined as σk(a) = 1

1+exp (−ka) , ∀a ∈ R.

The loss function (2) represents a preference for solu-
tions that uses a small set of components from a small set of
samples. The optimization of this functional is carried out
using the Boosted Lasso algorithm proposed in [4].

Here, we tackle with an imbalanced problem. It is dif-
ficult to find subjects with the severe motility dysfunctions
that we studied (elements of the class C1), whereas many
healthy subjects are available (elements of the class C2).

Moreover, in our field of work, it is easy to dispose of an-
other set of subjects without a clear diagnostic. This data
set is called unsupervised data set and is denoted Xu. The
supervised data set is formed by the elements of the two
classes and denoted Xs = C1 ∪ C2. Standard classifiers
only use supervised data. However, we propose to use a
semi-supervised learning classifier in order to profit from
the unsupervised data set. In particular, we apply an ap-
proach called self-training algorithm which claims to in-
crease the too small number of data samples using the new
data. The algorithm works as follows: create an initial train-
ing set with the supervised data set, classify the unsuper-
vised samples, add the example classified with the higher
score as patient. Iterate until any of the new examples are
classified as patient. Finally, all the examples that are not
classified as patient are included in the healthy subject set.

3 Experimental Results
We considered a set of videos obtained using the wireless
endoscopic capsule developed and provided by Given Imag-
ing, Ltd., Israel [8]. All of them were generated at same
conditions, patients and healthy volunteers were in fasting
(without eating and drinking in the previous 12 hours to the
study), at Digestive Diseases Department of General Hos-
pital ”Vall d’Hebron” in Barcelona, Spain.

Our experimental data set was formed by 65 videos: 15
from class C1 and 50 from class C2. Healthy volunteers
were randomly selected from a big pool of subjects without
symptoms and with a very low probability to be patients. In
order to alleviate the problem of the limited size we con-
sidered a set of unsupervised data formed by 17 videos.
The final training set X was formed by 82 samples in to-
tal, X = Xs + Xu. The unsupervised data were included
using the self-training algorithm. It labelled 11 of the 17
unsupervised examples as patients and the remaining 6 as
healthy subjects.

We performed two tests using a leave-one-out validation
method [9] over the data set. The first test used the origi-
nal RVM classifier applied with the set of 28 features enu-
merated before. The second test used the JFSCL for fea-
ture selection and classification. The results were validated
using several measures that are described in terms of true
positives (TP), true negatives (TN), false positives (FP) and
false negatives (FN) as follows: Error= FP + FN , Sen-
sitivity, Specificity, Precision and False Alarm Ratio. The
unsupervised data are only used as training, not to test.

In both tests we made 3 errors in the set Xs (65 sub-
jects): 1 FN (one patient was considered as healthy subject)
and 2 FPs (two healthy subjects were classified as patients).
The Table 1 summarizes the obtained results, the first row
corresponds to the results applying only RVM and the sec-
ond one are the ones of JFSCL method. The last column
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Table 1: Classification Results
Error Sens. Spec. Prec. FAR m

JFSCL 4.61% 93.33% 96.00% 87.50% 13.33% 14.87
RVM 4.61% 93.33% 96.00% 87.50% 13.33% 28
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Figure 3: Feature activation results

displays m, the mean of the number of features used in the
tests of the cross validation, m = #features/N . In this case
the total number of tests is N = 65.

Figure 3 shows the distribution of the activations for each
feature in the leave-one-out validation experiment. As it can
be seen the activation is quite robust choosing the same fea-
tures in most of the tests. We considered the features dis-
abled in less than a 10% of the tests as non relevant. These
were the nine following features: 2, 8, 11, 12, 14, 16, 21,
26, 27. The features which were activated in more than a
80% of the test were considered as the more relevant ones.
These were the next thirteen: 1, 4, 5, 6, 15, 17, 18, 19, 20,
22, 24, 25, 28.

4 Conclusion

In this paper we propose a method based on a joint fea-
ture selection and classifier training for diagnosis of severe
intestinal motility dysfunctions. The method is applied to
data obtained with the new Wireless Capsule Video En-
doscopy, exploiting visual information to characterize in-
testinal motility dysfunctions. The diagnosis results are
comparable to the ones obtained using the most applied di-
agnosis test, the manometry. Therefore, our contribution
represents an important step towards the introduction of the
WCVE for intestinal motility diseases diagnosis. The main
advantage of this diagnosis test, compared with the current
one, is that it is non-invasive and does not need monitor-
ization. The feature selection method is able to procure the
most relevant features among the ones defined by the ex-

perts, for the classification, reducing significatively the di-
mensionality and maintaining the accuracy.

Finally, the variability of symptoms of this kind of dis-
eases brings us to consider, as future work, the problem of
characterization of different groups of patients.
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