LEARNING DISEASE SEVERITY FOR CAPSULE ENDOSCOPY IMAGES
R. Kumar*, P. Rgjan, S. Bgjakovic, S. Seshamani, G. Mullinf, MD, T. Dassopoulosf, MD, G. Hager®

Department of Computer Science, Johns Hopkins UniveBéltjmore, MD
Johns Hopkins Hospital, Baltimore, MD
Washington University, School of Medicine St. Louis, MO

ABSTRACT

Wireless capsule endoscopy (CE) is increasing being used
to assess several gastrointestinal(Gl) diseases andldisor
Current clinical methods are based on subjective evaluatio
of images. In this paper, we develop a method for ranking
lesions appearing in CE images. This ranking is based on
pairwise comparisons among representative images sdpplie
by an expert. With such sparse pairwise rank informatioafor
small number of images, we investigate methods for creating
and evaluating global ranking functions. In experimenthiwi
CE images, we train statistical classifiers using color alyke
feature descriptors extracted from manually annotatedmeg
of interest. Experiments on a data set using Crohn’s disease
lesions for lesion severity are presented with the develope
ranking functions achieve high accuracy rates.
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o _ Fig. 1. CE image of a Crohn’s disease lesion with highlighted
Index Terms— Capsule Endoscopy, Statistical Classifi- Roj showing the lesion and surrounding inflammation.
cation, Disease Severity, Ordinal Regression

1. INTRODUCTION ing a tedious, detection rates may also vary among clinggian
especially for early stage disease. As a result, consiatent

Wireless capsule endoscopy (CE) [1] is increasingly bein?é?ssmem of disease severity in CE images poses several chal
used to diagnose small bowel conditions such as obscuf@nges. Itrequires consistently detecting and assesssigis
gastrointestinal bleeding, celiac disease, and Crohasadie. N Video streams. It also requires recognizing and accognti
The disposable capsule system (Given Imaging Inc, or O|ymf_or redudant views of the same 'Ie5|0n. Therefore, |.t is impor
pus Medical Systems), not much larger than a common dru@”t to devise methods for efficient, consistent lesionsssse
capsule, consists of a small color camera, LEDs and ele¢nent.
tronics for illumination and wireless communication, ahd t This paper explores methods for automating assessment
battery. The capsule is swallowed and moved by peristalsiaf lesion severity in capsule endoscopy. Classification and
along the small intestine. The device typically transmijis a ranking, formulated as problems of learning a map from a set
proximately 50,000 images at a rate of 2 (typically 576x5760f feature to a discrete set of labels, have been appliedyvide
color) images per second for up to 8 hours to a wireles§) computer vision applications for face detection [3], emtj
receiving device worn on the body, limited only by batteryrecognition [4], and scene classification [5]. Alternalyye
life. ranking can be viewed asregression problem to find a rank-

The archived images are later analyzed by a clinician in ing function between a set of input features and a continuous
potentially time consuming process. The typical study readrange of ranks or assessment. This form has gained recent in-

ing time is reported to be in hours [1, 2]. In addition to be-terest in many areas such as Iearning_ prefere_nces fpr movies
(http://www.netflixprize.com), or learning ranking furans
:gm’”‘\'/'l:rﬁ‘_l@h@:fl_rl‘_“-egu i the Johne Hookins Hospial for web pages (e.g. google page rank).
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tent ordering of the sequence of images; a numerical scal
is only one of the possible means of representing this ordel
ing. Ordinal regression tries to learn a ranking functiaomdr

a training set of partial order relationships. The learrietg
ranking function then seeks to respect these partial argeri

while assigning a fixed rank score to each individual image ol
object. Both Machine learning [6, 7] and content based infor
mation retrieval [8] have sought to obtain mapping funcdion
assigning preference or ranking scores. In our work, we us
selective sampling techniques and SVMs with user provide( a3
sparse partial ordering in combination with image featee v

tors automatically generated from a training set of images.

2. METHODS

Consider a vector of training imagés = [[1, I>...I,]. A

. . . Fig. 2. Estimated rank . feat t for simulated
subset off have an associated preference relationshipet g stimated ranks vs. feature vector s ) for simulate

data.

P=A{(z,y) [ L. < I,}.

Let P denote the transitive closure @. We require that -Y-1-7-1-Y-1-7-1-1-Y-]
(z,z) ¢ P, thus disallowing inconsistent preferences. OurBAXILLLLLLI
goal is to to compute a real-valued ranking functi®rsuch

that Fig. 3. Disc images sorted (left to right) by estimated ranks.

I, < I, ¢ P = R(I;) < R(I,)

For the rest of this discusion, “rank” will refer to a realkved ;I'hat 'S,’,R is the fraction of Va.|l'JES of the. training set th?t.are
below” I based on the classifier. Thus,is also the empiri-

measure on a linear scale, and “preference” will denote a - . .
) . . - _cal order statistic of relative to the training set. The formula-
comparison among objects. We note that, given a numeric ; . : e
) . - . 9 Ion above can be paired with nearly any binary classificatio
ranking onn items, it is straightforward to generaf®n*) alaorithm
preference relationships. Likewise, given a categooradif 9 ' . . L .
. . : . Here, we will make use of SVMs in combination with
n items into one ofn bins on a scale (e.g. mild, moderate, or .
) L ) : 9 feature vectors extracted from the CE images. We assume
severe lesion), it is again possible to generate) prefer-

. . . that anl,, is represented by a feature vecjfor As training
ences. Thus, this formulation subsumes both scale classific . : :
i . . examples require pairs of images, fgt; represent the vector
tion and numerical regression. :

. . L . n nation nd f;. The trainin h nsi f
Our estimate of the ranking function is based on empirica oncatenation of. and f; € training set thus consists o

statistics of the training set. The key idea is to note that ahe set

preference paifz,y) € P can be thought of as pair of T =1{< f1.;,0>,< fix, 1> |(k,j) € P}
training examples for a binary classifier. Let us define R ’
~ The result of performing training off is a classifier
0 peP which, given a pair of images, will determine their relative
B(p) = ) 1) : ) . .
1 otherwise order. Give this framework, we investigate preference-rela
tionships needed for training, and image features thatpred
robust feature vectors.

We train a classifie€’ such that for any € P v _ )
By way of illustration, consider random vectors Rft

1. C(I,, I,) = B({z,y)) with the following preference rulef; < f» if and only if
S2fi < 3 fo. The ranking functionR obtained from an
2. C(Iy,I;) =1— B({z,y)) SVM classifier trained on 200 samples is plotted velsug

_ . . _ in Figure 2. The training set included all available feature
Given such a classifier, a continuous valued ranking cagectors, and achieved a 0% misclassification rate.
be easily produced as As a second example, consider a set of 100 synthetic im-
n ages of disks (Figure 3) of varying thickness. Each image is
R(I) = Z O, I)/n ) 131x131 apd grayscale, ywth the d|sc. representmg t'h.e only
p non-zero pixels, consecutive images differing by 0.5 fgixel



disc thickness. For imagds and/;, the underlying ranking
function isthickness(i) < thickness(j) = i < j. Using a

10 bin intensity histograms as the feature vector, a SVMclas
sifier using radial basis functions produces a ranking fonct
‘R that correctly orders (0 % misclassification) the discs{Fig
ure 3) using onlyO(n) pairwise relationships.

3. EXPERIMENTS

We have an ongoing Johns Hopkins Medical Institutions
(JHMI) Institutional Review Board (IRB) approved protocol
for collecting anonymized capsule endoscopy studies. & hes
studies are anonymized and reviewed by Dr. Dassopoulos fc
assessment of Crohn’s disease lesions. During this relgew, o = 100 Te0 200 250
sions as well as data for other classes for interest aretedlec #image
and assigned a global ranking (mild, moderate, or severe)
based upon the size, and severity of lesion and any surroungig. 4. Iterations of the estimated rank function for 250 lesion im-
ing inflammation. Lesions are ranked into three categoriesiges.
mild, moderate or severe disease.

A region of interest (ROI) is also manually computed.

Figure 1 shows a typical Crohn’s disease lesion. As a lesion Metric lter. 2 | Iter. 3 | lter. 4

may appear in several images, data representing 50 seconds Mean 0.1133| 0.0182| 0.0024

of recording time around the selected image frame is also re- Std. Dev| 0.2055| 0.0915| 0.0106
viewed, annotated, and exported as a sequence. In addition,

a number of extra image sequences not containing lesions are  Metric Iter. 1| Iter. 2 | Iter. 3| lter. 4
exported as background data for training of statisticalhmet Training size| 100 | 1100 | 1972 | 2116
ods. mismatches | 1286 | 436 77 3

We use the global lesion ranking to generate the re-
quired preference relationships. Over 188,000 pairwise
relationships are possible over our selected dataset of 6
lesion image frames that have been assigned a global ran
ing of mild, moderate or severe by the clinician, assuming
mild < moderate < severe. We utilize a small num-

T e et O~ 100 mages,staring wih nl) g e
machine learning has generally made 'use of some COmbllqtlonshlps, and S\_/M classifier using radial b_a3|s function
nation of color and texture features. SIFT [9] is not veryas before, we obtaln_onl@(rﬂ) m|sm_atches using the gen-
suitable for our wireless endoscopy images, due to lack O?rated .rankmg fgnctlpﬂz after the first iteration. A mis-

- ) o ._natch is any pair of images whef(l,) < or > R(I)
sufficient number of SIFT features in these images. Avarlet)éndj > or < I, The number of mismatches drops expo-
of feature vectors including edge, color, and texture fiesstu 7 Yo L g

; . - nentially over 4 iterations where the training set is insexh

[10], MPEG-7 visual descriptors [11], and hue, saturatio m = maz(1000, mismatches) pairwise relationships

and intensity features [12] have been published specificall y ’ P pS.

for analysis of wireless capsule endoscopy images. In prior Figure 6 shows the resulting ranked images, and Table 1
work, we [13] have also explored feature vector representashow changes in ranks for images, and number of mismatches
tions based on color, edge and texture information for ouduring each iteration. Both the mean and standard deviation
lesion data. For these experiments, simple 10 bin normabf rank change for individual images decreases monotogpousl|
ized hue and saturation histograms provide adequate éatusver successive iterations. Table 1 also shows the deageasi
vectors. number of mismatches over successive iterations. Figure 4

In the experiments below, we explore the improvemenshows the sorted ranking function for 250 images over iter-
of accuracy of the ranking function with increasing numberations. The ranking function converges after just a few iter
of pairwise preferences. These experiments were performedions, with the changes in rank becoming smaller closer to
using the SVM library in MATLAB's bioinformatics toolbox, the convergence. Figure 5 show the decrease in mismatches
on a Solaris 5.10 cluster of 64 processors (each running &r 100 and 250 images over 4 iterations. Finally, Figure 7
1167 MHz). contains similarly ranked 500 lesion images.

gable 1. Changes in rank (top) and mismatches (bottom) over
iterations for 100 lesion images.
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Fig. 6. A montage of 100 ranked lesion images.

4. CONCLUSIONS

We have experimented with a framework using only O(n) re-
lationships to establish useful ordinal assessment otifeat
vectors automatically extracted from a set of medical insage
While this work only establishes global assessment rarsking
this can be extended to obtain finer relationships, for examp
size, shape, and depth properties of lesions and surrogindin
inflammation for our lesions data set. Suitable composition

| 3 2 32 .

(3]

[4]

5]

(6]

[7]

(8]

of such rankings may provide assessments with very high cor{9]

relation with manual assessments.

The lesion rankings used here were generated by a sin-
gle expert clinical user. In our continuing work, we are now[10]

performing blind review of these images to improve the con-

sistency of manual annotation. The ROIs used were also man-
ually annotated, and while this is not a significant problem f [11]

the small number of preference relationships required, iNe w
also explore suitable methods for automatic segmentafion o

(12]

ROls in the future.
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