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ABSTRACT ithe term Aexploratory surgery
Advances in medical technologyave greatly increasd our lexicon today.

information density forimaging studies This may result
from increased spatial resolution facilitegi greater
anatomical detailjncreased contrast resolution allowing
evaluation of more subtle structures than previously
possible orincreased temporal image acquisition rate

The fundamental value of the-bdy remains the same
today, as it was over 100 years dgdlifferent structures
(bone, cartilage, tissue,mor, metal, etc.kan be identified
based on their ability to block the-pay/Rontgen beam.

The initial uses oin-vivo imaging were to diagnose broken
However, such technologicaldvances, while potentially bones and locate foreign objects, such as, bullets, inside a
improving the diagnostic benefits of a studyayresultin patient s body. A sresolutiang i n g
idat a o whier drooesigothis information. This improved, physicians began to use these methods to locate
often manifests aisicreased total studyntie, defined as the  medical abnormalities (e.g., cancer), both for planning
combination of acquisition, processing and interpretation surgery and for diagnosing the disease. The-sfatiee-art

times even more critically, the vast increase in data doesof medical imaging improved to the point that it soon

not always translate to improved diagnosis/treatmentrequired its an specialty, namely, radiologists, who were
selection. This paper describes a related series of clinicallyskilled at interpreting these increasingly complex images.
motivated data mining products that extract the key,
actionable information from the vast amount of imaging
data in order to ensure an improvement in patient care (vi
more accurate/early diagnosis) and simultaneous
reduction in total study timeSeveral tbusand units of the
products described in this paper have besmmercially
deployed irhosptals around the world sinc2004.

The introduction of computers and the subsequent
invention of computed tomograph§CT) (Ambrose and
®Hounsfield 1973)n the 1970s created another pagadli

that of 3dimensionalimaging. Xray beamswere used to
computea 3-d image of the inside ahe bodyfrom several

2-d X-ray images taken around a single axis of rotation
Radiologists were now not only able to detect subtle
While each application targets a specific clinical task, they variationsof structuresn the body; they were now able to
share the common methodology of transforming raw locate them within a fixed frame of referencéarlyC T 6 s
imaging data, tlhough knowledgédased data mining generated images or slices orthogonal to the long axis of
algorithms, into clinically relevant information. This the body, modern scanners allow this volume of data to be
enables users to spend less time interacting with an imageeformatted in various planes or evernsualizzd as
volume to extract the clinical information it containghile volumetric (3D) representations of structures.

supporting improved diagnostic accuraé&ythough image
processing plays an equally critical role in these software,
this paper focuses primarily on the data mining challenges
involved in developing commercial products.

It is natural to askwhether the improved resolution of
medical imaginghas clinical value. Consider the use of
CTs to diagnose lung cancerung cancer is the most
commonly diagnosed cancer worldwjagecounting for 1.2

General Terms million new cases annually. Lung cancer is an
Algorithms, Measurement, Performze, Experimentation. exceptionally deadly disease: 6 out of 10 people will die
Keywords within one year of being diagnosed. The expectgadr

survival rate for all patients with a diagnosis of lung cancer
is merely 1%6. In the United States, lung cancer is the
1. INTRODUCTION leading cause of cancer death for both men and women and
costsalmost$10 billion to treat annually.

The invention of the Xay by William Rontgenin 1895  powever, lung cancer prognosis varies greatly depending

(Stanton 1896)revolutionized medicine. Thanks to the 4 how early the disease is diagnosed; as with attezan

science ofn-vivoimaging, doctors were able to look inside  early detectiorprovides the best prognosis. At one extreme

a pat i en hatsesditioglty davgerdus procedures gre ‘the patients diagnosed with distant tumors (that have

spread far from the lundstage IV patien)s for whom the

! These products are commercially available from Siemens 5-year survival rate is just 2%. The prognosi®afly stage
Medical Solutions USA, Inc. lung cancerpatients (Stage I)s more optimistic with a
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mean 5 year survival rate of about%49 This follows
logically sinceearly detection implies the cancer is found
when it is still relatively small in size (thus, fewer cancer
cells in the body) and localized fore it has spread) |
Therefore, many treatment optiongre viable (surgery, i
radiotherapy, chemotherapy) if it is detected early.

In orde to identify and characterize minute lung nodules

the resolution of the image must be improved. The recent
developmat of multidetector computed tomography

(MDCT) scanners has made it feasible to detect lung cance!
at very early stages, and the number of lung nodules ’—"
routinely identified in clinical practice is steadily growing.
The key factor in CT is the slice thickss (the distance Figure 1 Suspicious regions highlighted on a Lung CT.

between two axial crossectional Xrays) smaller slice The princrifpdivalue of CAD is determined not by its stand

thickness means increased diche® gerfotrardce But ratherTb9 a?eﬁjlﬂ/%ea%l?ng-{hgs

are capable of kating lung nodules that are8inm in size;  jcremental value of CAD in normal clinical practice, such

cancers found at this early stage have excellent prognosisyg the number of additional lesions detected using CAD.

Despl_e these technologies, only 24% of lung cancer CaseSSecondIy, CAD systems must not haveegative impact

are diagnosed at an early stdgemal, et al. 2007Many 5 patient management (for instance, false positives which

potentially clinically significant lesins remain undetected cause the radiologist to recommend unnecessary biopsies
and potentially dangerous folleups).

One contributing factor could be the explosion of MDCT . L . .

imaging data: just 8 yearga, the 2slice CT could acquire 1 MS ﬁxplos:?ntkl]n dgt_l"f‘ IS not confln?d”to CdT E"O”teﬁ The

41 axial images of the thorax in a-86cond scan (single '"Vvention ot the was rapyl followed by the

breath hold); the staef-the-art 64slice dualsource CT ~ development of @ magnetic resonance imaging (MRI).

acquires up to 3,687 axial images in 30 seconds for eacHIRI uses a powerful magnetic field to align the water
patient Figure lillustrates two such images far single ~ molecules in the body, and thus provides much greater

patient, anctach image must then be carefully examined by contrast between 'ghe_ different soft tissues of the boo_ly than
a radiologistto identify which of the marks othe image  C1- Positronemission tomography (PET) and Single
correspond to normal structures (air passage), benignPoton emission computed tomography (SPECT) use
tumors, lung diseases other than cancer, and -statye radioactive |sc_)t9pes to provide _funct|0nal imaging.
lung cancer. Despite the exponential increase in data in a Recently, medicine has been moving towards fusion of
few years, radiologists have roughly the same case load (o;hese different imaging modalities to combine functional

in some cases greater) than was the case 20 years ago wh&Rd stretural properties in a single image. As should be
they examined a handful of images per patient. obvious, the ability to identify and characterize increasingly

1.1 Mining Medical Images minute structures and subtle variations in bodily function in

There is a growing consams among clinical experts that 3-d images has resulted in an enormous exp_losiop in the
the use of computaaided detection/diagnosis (CAD) gmount of data tha? mube processed by a rad!olog|st. It.
software can improve the performance of the radiologist 'S esfumated that in a few years, medical Images will
. ' constitute fully 25% of all the data stored electronically.
The proposed workflow is to use CAD as a second reader
(i.e., in conjunction with the radiologist) the radiologist This vast data store also provides additional opportunities
first performs an interpretation of the image as usual, andfor data mining. CAD algorithms have the d&bilto
then runs the CAD algorithm (typically a set of image automatically extract features, quantify various lesions and
processing algorithms followed by a classifier), and bodily structures, and create features than can be
highlights structures identified by the CAD algorithm as subsequently mined to discover new knowledge. This new
being of interest to the radmdist. The radiologist knowledge can be further fed back into medicine as CAD
examines these marks and concludes the interpretationprogresses from detectingabnormal structures, to
Figure 1shows supemmposed CAD marks on the images. characterizing structures (identifies structures of interest,
Clinical studies have shown that the use of CAD software and also indicating whether they are malignant or not).
not only offers the potential to improve the detection and Another area of interest is the use of CAD for change
recogntion performance of a radiologist, but also to reduce detectioni for instance, to automatically measure tumors
mistakes related to misinterpretatiqdrmato-lll, Giger from images taken at different point in times and determine
and Mac Mahon 2001, Naidich, Ko and Stoechek 2004) if the tumor size has changed. Such methods can be used
both for diagnosis (malignant tumors grow quicki§)
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therapy monitoring (is the tumor shrinking with the Lung cancer is the most commonly diagnosed cancer
treatment).The discussiorof CAD for change detection &  worldwide, accounting for 1.2 million new cases annually.
for characterizing structureis beyond the scope of this Lung cancer is an exceptionally deadly disease: 6 out of 10
paper We shall restrict our attention tgractical people will die within one year of being diageal. The
applications that arelinically deployed today. expected Byear survival rate for all patients with a
diagnosis of lung cancer is merely 15%, compared to 65%

Medical image mining products can be useful even if they for colon, 89% for breast, and 99.9% for prostate cancer.

donodt g o waya tol computee aided detection.
Sometimes it is sufficient to analyze images & quantify key For lung cancer CAD systems are developed to identify
features that are known to be highly diagnos@ionsider suspicious regions catlenodules (which are known to be
the automatic quantification of ultrasound images. So far, precursors of cancer) in CT scans of the lung. Clinically a
all the modalities we have discussed talamapshot of the  solid nodule is defined as an area of increased opacity more
body at a particular instant. Cardiac ultrasound capturesthan 5mm in diameter which completely obscures
the very fast motion of the heart, as a results we have arunderlying vascular marking. Translating this defoniti
added dimension of time to our data. We describe mininginto image features and data mining algorithms is the key
software that tracks the motion of the heart and challengeWhile it is universally acknowledged thablid
automatically mesures key clinical variables (ejection nodulesare precursors for lung canceecently there has
fractions) that characterize the function of the heart. been incresed interest in detecting what are knowpast

.. . solid nodules(PN) & groundglass opacitiegGGN). A
1.2 Clln!cal Trials o o GGNiis defined as an area of a slight, homogenous increase
Commercial products for mining medical images need to bejn gensity, which did not obscure underlying bronchial and
rigorously validated in clinical trials before they ateared vascular markingsGGNs are known to be extremely hard

for sale by national regatory bodies like the Food & Drug o detect Several studie¢Suzuki, et al. 206) have pointed
Administration (FDA). All the products described in this gt that they are amdicator of early cancer.

paper have been validatéd clinical trials, and are sold
internationally Some of the CAD & imageguantification ~ One important factor when designing CAD systems for
productsare clearedfor sale in the US, and aths are still ~ Mining lung images is the relative difficulty in obtaining
in the process of obtaining regulatory approval (they areground truth for lung cancer. Whereas, for example, in
sold in other countries). More details will be provided for breast cancer virtuallyllasuspicious lesions are routinely
each product in Section 4. biopsied (providing definitive histological ground truth), a

. . ) lung biopsy is a dangerous procedure, with a 2% risk of
The rest of the paper is organized as follo®sction 2 garious complications (including death). It makes obtaining
provides the clinical motivations forhé imagemining definitive lung cancer ground truth infells, particularly
systems described in this paper. Section 3 describes SOM& patients being evaluated for early signs of lung cancer.

of the original research in dafmining and machine go very often CAD systems are built usiigage
learning that was necessary to develop these systems with gnnotations from multiple expert radiologists.

clinically acceptable level of accuracy. Section 4
summarizes some othe results obtained from clinical 2.2 Breastcancer
validation studies. Section 5 concludes the paper by
summarizing the key lessons learnt while developing such
high impactdata mining applications.

2. CLINICAL MOTIVATION

In this section we will describe some of the most
commonly diagnosed cancerwith some background
information and clinical motivation for CAD software

2.1 Lung cancer

Figure 2 Different nodule morphologies in the lung (from left ) _ )
to right)--Ground glass opacity nodule (GGN), Parsdid Figure 3 A typical malignant mass on a mmmogram.
nodule (PSN), and Solid nodule (SN).



Breast cancer is the second most common form of cancer irg
women, after noimelanoma skin cancefGroup 2009)
Breast cancer is the number one cause of cancer death i
Hispanic women. It is the second most common cause of
cancer death in white, ddk, Asian/Pacific Islander, and §
American Indian/Alaska Native womerin 2005 alone
186,467 women and 1,764 men weliagnosed with breast
cancer41,116 women and 375 men died from the disease.

Breast cancer is an abnormal growth of the cell the E
normally line the ducts and the lobuleSigure 3 showsa
typical abnormal growth calledmass on a digital
mammogramX-ray Mammography is now accepted as a |
valid method for breast cancer screening, after many years
in which its effectiveness was questionedCurrent
guidelines recommend screening mammography every yeal
for women, beginning at age 4@AD systems seah for : FATSTI Y
abnormal areas oflensity, mass, or calcificatiom a Figure 4 CT scanwith enhanced visualization ofa polyp in the
digitized mammographic image. These abnormatasr  colon.

generally indicate the presence of cancer. The CAD systenp 4 Pulmonary Embolism

highlights these areas on the images, alerting the radiologis§3
to the need for a further diagnosiicagingor a biopsy.

ulmonary Embolism (PE) is a sudden blockage in a
pulmonary artery caused by an embolus that is formed in
2.3 Colon cancer one part of the body and travels to the lungs in the

Colorectal cancer (CRC) is the third most common cancerPloodstreamthrough the heart. PE is the third most
in bothmen and women. It is estimated that in 2004, nearly C0mmon cause of death in the US with at least 600,000
147000 cases of colon and rectal cancer will be diagnosedCa@Ses occurring annually. It causes death in abouttome

in theUSA, and more than 56 730 people would die from Of the cases, that is, approximately 200,000 deaths
colon cancerccounting for approximately 11% of all annuglly. Most of the patients who die do sohrit30 to
cancer deaths. Early detectiohcoloncancer is the key to 60 minutes after symptoms start; many cases are seen in the
reducing the Bear survival rate. In particular, sincasit ~ emergency department. We developed a fast yet effective
known that in over 90% of cases the progression stage@PProach for computer aided detection of pulmonary
forcolon cancer is from local (polyp adenomas) to €mPolism (PE)in CT pulmonary angiography (CTPA). Our
advanced stagésolorectal cancer), it is critical that jpa research has be_en_ motigdtby the lethal, emergent nature
efforts be devotetb screening of colon cancer and removal ©f PE and the limited accuracy and efficiency of manual
of lesions (polypsivhen still in a early stage of the disease. Nterpretation of CTPA studies.

Colorectal polyps are small colonic findings that may ''eatment with —aniclotting medications is highly
develop into cancer at a later stage (Sdgure 4). effective, but sometimes  can lead to _sub_sequent
Screening of patients and early detection of polyps via "€morrhage and bleeding; thereforthe anticlotting
Optical Colonoscopy (OC) has proved to be efficient as the Medications should be only given to those who really need.
mortality rate from colon cancer is currently decreasing 1hiS demands a very high specificity in PE diagnosis.
despitean agingpopulation. CT Colonoscopy (CTC), also U.nfortunately, PE is among the most difficult conditions to
known as Virtual Colonoscopy (VC) is an increasingly diagnose because its primary symptoms are vague, non
popular alternative to standard OCME, a volumetric CT ~ SPecific, @ad may have a variety of other causes, making it
scan of the distended colisireviewed by the physician by hard to separate out the critically ill patients who suffer
looking at 2D slices and/or using a virtual-flyrough in from PE._ PE cases are missed in diagnosis more _than
the computerendered colon, seching for polypsinterest 400,000 times in the US each year. If pulmonary embolism
in VC is increasingdue to its many advantages over OC ¢an be diagnosed and appropriate thgratarted, the
(better patient acceptance, lower morbidity, possibility of Mortality can be reduced from approximately 30 percent to
extracolonic findings, etc.), with only a small penalty on €SS than ten percent; roughly 100,000 patients die who

sensitivity if the reader is a trained radiologist. would have survived with the proper and prompt diagnosis
o _ and treatment. A major clinical challenge, particularly in an
Polyp Enhanced Viewing (PE\8ystemsexploit the full 3- emergeny room scenario, is to quickly and correctly

D volume of the colon and use specifitage processing &  diagnose patients with PE and then send them on to

feature calculation algorithms to b o 0 s t radi @eht®eht & prénfpt and accurate diagnosis of PE is the
sensitivity(Bogoni, et al. 2005)vhile detecting polyps key to survival.



Figure 5 Highlighted Pulmonary embolism on the Lung CT
2.5 Cardiac

Cardiovascular Disease (CVD) is a global epidemic that is

the leading ause of death worldwide (17 million deaths per
year) In the United States, CVD accounted for 38% of all

deaths in 2002 [7] and was the primary or contributing

cause in 60% of aleathsCoronary Heart DiseaséCHD)

Figure 6 Automated measurement of ejection fraction

The goal is toeither extract key quantitative features
summarizing vast volumes of data, or to enhance the
visualizaton of potentially malignant nodules, tumors,
emboli, or lesions in medical images like CT scarrai

MRI etc. Mostmedical image mininglgorithms operate in

a sequence of three stages (Segire7 ):

accounts for more than half the CVD deaths (roughly 7.2 1. Candidate generation This stagedentifies suspicious
mil. deaths worldwide every year, and 1 of every 5 deathsunhealthyregions of inteest (called candidates) from a

in the US), and is theinglelargest killer in the world.

One importantool required for assessing tlendition of
the heart is thautomatic assessment of the left vemtiar
ejection fraction (EF). EF is a relevant criterion for
pharmacologic, defibrillator, and resynchronization

therapy, therefore, being able to automatically calculate a

robust EF mesure is of interest to improve clinical
workflow. Currently, the method widely used clinical
practice consists of subjective visual estimation of EF,
even though it is prone to significant variability.

The reliable delineation of the left ventricle\.for robust

medical image. This step is based on image processing
algorithms which try to search for regions in the image
which look like the particular anomalg8ion. While this

step can detect most of the anomal{@sound 96100%
sensitivity) the number ofalse positives will be extremely
high (on the order of 6@00 false positives/image

2. Feature extraction This step involves theomputation
of a %t of descriptive morphological or textufeatures for
each of the candidatassing advanced image processing
techniques

3. Classification: This stagedifferentiatescandidates that

quantification requires years of clinical experience and gre trye lesiongrom the rest of the candidates based on
expertise by echocardiographers and sonographers. Evepangidate featureectors The goal of the classifier is to
with acceptable image quality, issues such as trabeculationgequce the number of false positivgo 2-5 false

of the myocardium, fashoving valves, chordi and qsitives/patient, imagelvithout appreciable decrease in
papillary muscles, all contribute to the challenges {he sensitivity.

associated with delineation of the LV. Technical issues,

such as the fact that a 2D plane is acquired on a twisting 30/M29€ quantification & enhanced visualization algorithms
object, make this problem even more difficult. Limited dO Not necessarily include dassifier, but they often use

success has been achieved in automated quatidifica image processing &pattern recognition algorithms for

based on LV delineation with methods that simply look for candidate generation & feature extracti@hD systens
a border between black and white structures in an image. US€ all three stages described above &teidradiologist by

marking the location of likely anomaliesn a medical
3. DATA MINING CHALLENGES image. The radiologist then makes a decision whether to
This sectiondescribs the intuition & key ideas motivating  conduct a biopsy or other folleups. Since biopsies are
some of the data mining algorithms developed bygnoup expensive ad invasive CAD systems demand as few false
to improve medical image processing applicatidns. positives (25 false positives/patient, images possible

while at the same time ackiag high sensitivity (>80%).

While all the three stages are equally important, in this
>While our group has written over 150 papers on this topic, article we will focus on the data mining challenges & will
for brevity we are only describing a selected subset. not discuss image processing algorithms.
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Figure 7 Typical data-flow architecture of software for mining
clinical-image data

Many standard algorithms, such as support vector machine
(SVM), backpropagation neural nets, kernel Fisher
discriminant have been used to detecalignant structures

& to quantify keyfeaturesHowever, these generplirpose
learning methods make implicit assumptions that are
commonly violated irthis application domain, resulting in
suboptimal performance.

For example, traditional learning methods almost
universally assume that theraining samples are
independently drawn from an identica albeit
unobservabled underlying distribution (theubiquitous
i.i.d. assumption), which is almost never the case in
medical image miningystems. There are high levels of
correlations among theuspicious locations from the same
regionof an image so the training samples are clearly not
independent.Further, these standard algorithms try to
maximize classification accuracy over all candidates.
However, this particular accuracy measure is not very
relevant for CAD. In Section 3.1 we show how the
multiple-instance learning paradigm can solve both these
problems. In Section 3.5 we show how to handle
correlations among different candidates in the same image.

In CAD it is common that only an extremetynall portion

of the candidates identified in the candidate generation
stage are actually associated with tmalignant lesions,
leading to a highlynbalanced sample distribution over the
normal (negative) and abnormal(positive) classes.In
Section 3.2we show thattascaded classification schemes
are extremely useful ibalancing skewed datdistribution

as well as to reduce the runtime of the CAD system.

Section 3.3) The candidate generationtep generally
produces hundredsf candidates for a CT scan. Computing
all the features can be very tirmensuming. Hence it is
imperative that the final classifier es as few features as
possible without any decrease in the sensitivity.

Medical domain knowledge often sheds a light on the
essential learning procesBor example riori we may
know that there are three different kinds of abnormalities
(positives). Efficiently incorporating related medical
domainknowledge into the automatic learning algorithms
yields better CAD systemin Section 3.4 we show some of
our solutions to incorporate domain knodde.Section 3.6
and Section 3.describesome methods muitask learning
and learning with supervision from multiple experts.

3.1 Multiple -Instance Learning
In order to train a classifier, a set of CT
scans/mammograms is collected from hospitals. These

Icans are then read by expert radiologists who mark the

lesion Iccations; this constitutes our ground truth for
learning. The candidate generation step generates a lot of
potential candidatesAny candidatewhich is close to the
radiologist mark is considered a positive example for
training and the rest of the candidatare considered as
negative examplesCandidates are labeled positive if they
are within some preetermined ditance from a radiologist
mark (see Figure 8 for an illustration); some of the
positively labeled candidates may aadty refer to healthy
structures that just happen to be near a mark, thereby
introducing labeling errors in the training data. These
labeling errors can potentially sathge the learning process
by 6 c o mftlassifierntlitdis being trained with faulty
labels, resulting in classifiers with poor performanés.
shown in (Fung, et al. 2006)nultiple-instancelearning is
one of the effective ways to deal with this problé&muring
this labeling process, wealso obtain information about
which candidates poirio the same underlying growtiaith
lesion. While this information is typically discarded during
the development otraditional classifiers, the multiple
instance learning (MIL) framework can utilize this
information to extract more statistical powerrfrehe data.

In the MIL framework the training set consists bgs A
bag contains many instancesll the instances in a bag
share thesame bagdevel label. A bag isabeled positive if
it containsat-leastone positiveinstance. A negative bag
means thiall instancedn the bagare negative. The goal
is to learn a classification function thaan predict the
labels of unseen instances and/or baigure 9 illustrates
that MIL can vyield very different classifiers over the

Unlike scenarios where we are given a set of features, inconwentional single instance learning. The single instance

CAD the features are engineered by theeegchersWhen

classifier on the left is trying toeject as many negative

searching for descriptive features, researchers often deploy:andidates as possiblend ctect as many positives as
a large amount of experimental image features to describgyossible The MIL classifier on the right tries toetect at

the identified candidates, which consequently introdzces
lot of irrelevant or redundant features. Sparse model
estimaton is often desired and beneficitdescribed in

leastone candidate in @ositive bag and reject as many
negative candidates as possible.



for multiple-instance learning. These modifications have
substantidy improvedour cl assifierés acc

For example(Fung, et al. 2006)modified the SVMby
forming convex hulls of the instances in each individual
bag.The main ideas to search a good representative point
in the convex hull and correctly classify this point in
contrast to the conventional method where all the points in
nea to be correctly classified. This allows the classifiers to
have certain degree of tolerance to noisy labels and makes
use of the practical observation that not all candidates close
to a nodule mark need to be identified. Mathematically, the
convexhull representation idea can bsed with manyoss
functions and regularization operators

In (Raykar, Krishnapuram, et al. 2008 incorporate the
definition of a positive bag to modify the link function in
logistic regression.Standard logistic regressionses a
sigmoid function to model the probability tiie positive
class.For MIL since we have the notion of a positive bag
the prdability that a bag contains -kEtast one positive

\YRMLO,

Figure 8 A mammogram of the right breast illustrating the
concept of multiple candidates pointing to the same ground

truth. The red ellipse is the lesion as markedby the radiologist instance is one minus the probability that all of them are
(ground truth). The blue contours are the candidates  negative. The algrithm selectsfeatures & designs the
generated by our algorithm classifierjointly. Our results show that MIL based classifier

selects much fewer features than conventional logistic
regression and at the same time achieves better accuracy.

x2 X2 o ° 3.2 Cascaded classification architecture
o © Typical CAD training data sets are large and extremely
o unbalanced between positive and negative classes. In the
— candidate identification stage, high sensitivity (ideally close
° to 100 %) is essential, because any cancers missed at this

stage can neverebfoundby the CAD system, this high
. sensitivity at the candidate generation stage is achieved at
x1 the cost of a highfalse positives (less than%d of the
Figure 9 lllustration of single-instance learning (left) and Cand'_d,ate_ are true les,'ons)' making the subsequent
multiple instance learning (right) for a toy problem. The red classification problem highly unbalanced. Moreover, a

circles are negative candidates. The blue shapes are positives. CAD system has to satisfy stringent réate performance
There are three positive bags (square, triangle, and diamond). requirementsn order for physicians to use diuring their

There is another important reason why MIL is a natural diagnostic analysis.
framework for CAD. The candidate generation algorithm These issues can lmddressed by employing a cascade
produces a lot of spatig close candidates. Even if one of framework in the classification approach discussed in
these is highlighted to the radiologist and other adjacent or(Bi, Periasvamy, et al. 2006) In Figure 10 a typical
overlapping candidas are missed, the underlying lesion cascade classification scheme is shown. The key insight
would still have been detected. Hence while evaluating thehere is to reduce the comntption time and speeap online
performance of CAD systems we use the Hagel learning. This is achieved by designing simpler yet highly
sensitivity, i.e.,, a classifier is swessful in detecting a  sensitive dssifiers in the earlier stages of the cascade to
lesion if at least one of the candidates pointing to it is reject as many negative candids as possible before
predicted as a PE. MIL naturally lends itself to model our calling upon classifiers with ©re complex features to
desired accuracy measure during training itself. furtherreduce the false positivate. A positive result from
the first classifier activates thaecond classifier and a
m Positiveresult from the second classifier activates the third
f 'classifier,and so onA negative outcome for a candidae
any stage in the cascade letmlits immediate rejection.

We have proposed seat new MIL algorithms(Fung, et
al. 2006, Raykar, Krishnapuram, et al. 2008, Krishnapura
et al. 2008, Bi and Liang, Multiple Instance Learning o
Pulmonary Embolism Detection with Geodesic Distance
along Vascular Structure 2007, Chen, Bi and Wang 2006,
Wu, Bi and Boyer 20093pecifically for the CAD domain.
These involve avay of modifying the traditional classifiers



Computer Aided Detection 2007)o optimize all the
Candidate Computational Complexity classifiers in the cascade in parallel by minimizing the
Generaton " regularized risk of the entire system. By optimizing
classifiers together, it implicitly provides mutual feedback
T, T, Tes T to different classifiers to adjugparameter design. This
1 2 T K > strategy takes into account the fact that in a classifier
l \ cascade, a candidate is classified as positive only if all
Fy F: Fr

classifiers say it is positive, which amounts to an AND
relation among classifiers. Nevertheless, a candidate is
Rejostod Candidates labeled as negative as long as one of the classifiers views it
as negative, an OR relation of classifiers.

3.3 Feature selection/Learning sparse models
Feature selection has long become an important problem in
statistics and machine learningand is highly desii@ in

CAD applicationsWhen searching for descriptive features,

Figure 10 A general @scade framework used for online
classification and training.

! o : researchers often deploy a large amount of experimental
Candidale Computational Complexity . . N o . .
Generaton / ¢ > image features to describe the identified candidates, which
1 Pt consequently introducea lot of irrelevant or redundant
features. It is dso well-known that a reduction of featwe
v 1 2 K improves the classifier's generalization capability.

However, the problem of selecting an "optimal” subset of
features from a large pool (in the orders of up to hundreds)
of potential image features is known te biRhard. An
early Lung CAD system utilized greedy forward selection
approzh. Given a subset of featurébe greedy approach
consists of fiding a new single featurieom the feature
o pool that improves classification performance when
sk considering lte xpanded subset of featur@%is procedure
begins with an empty set of features and stops when
classification performance does not improve significantly
Figure 11A novel AND-OR framework for training a cascade when any remainip feature is addedAt each step,

of classifiers. classification performance is measured based on eeav
The method in(Bi, Periaswamy, et al. 200&)vestigateda OnePatientOut (LOPO) croswvalidation procedure
cascaded classification approadiatt solves a sequence of (Dundar, Fung and Bogoni, et al. 2004)

linear programs, each constructing a hyperplane (linearngecent research has focusewre on generakparsity
classifier. The linear programs are derived through piece yeatments to construct sparse estimates of classifier
wise linear cost functions together with tHe-norm parameters, such as IASSO, the tnorm SVM, and
regularization conditionThe main idea isat incorporate spare Fisher's discriminant analysis (Dundar, Fung and

the @mputational complexities of individual features into g; &t 4. 2005)ve proposd a sparse formulation fdfisher
the feature selection processach linear program employs | inear Discriminantthat scales well to largdatasets; our

an asymmetric error measure that penalizes false negativeg,athod inheti all the desirable propertie$ FLD, while
and false positives with different costs. An extreme case isimproving on handlinglarge numbers oirreleve;nt and

that the penalty for dalse negative is infinity, which is  .o4undant features.
used in the early stage of the cascade design to alleviate the

skewed class distribution and preserve high detection rates.!n (Raykar, Krishnapuram, et al. 20085ing a multiple
instance learning setup we proposed a method to do feature

The approach irfBi, Periaswamy, et al. 2006pllows the selection and classifier design jointly using a Bayesian
standard ca_scade procedure to traasgifiers sequentially paradigm. Our results show thallL based classifier
for each different stage, which amounts to a greedygglects much fewer features than conventional logistic

scheme, meaning that the individual classifier is optimized regression and at the same time achieve bat@racy
only toward the specific stage given the candidates

survived from the stages prior to it. The classifiers are not
necesarily optimal to the overall structure where all stages
are taken into account. A novel ANDR cascade training
strategy as illustated inFigure11 wasproposedn (Dundar
and Bi, Joint Optimization of Cascaded Classifiers for

Rejected
Candidates




Candidate linear faces of the polyhedrathieve robustness whereas
multiple faces provide @xibility.

3.5 Handling internal correlations

Gating Classifier

Large vs Small Most classification systems assume that the data used to
| train and test the classifier are independently drawn from
v v an identical undrlying distribution. For example, samples
Expert Classifier 1 Expert Classifier 2 are classified one at a time in a support vector machine

Large polyps vs Large non-polyps Small polyps vs Small non-polyps

(SVM), thus the classification of a particular test sample
does not depend on the features from any other test
samples. Nevertheless, this assumption is monly

violated in many redlife problems where sufroups of
Figure 12 A typical gated classification architecture. samples have a high degree of correlation amongst both

their features and their labels. Due to spatial adjacency of
the regions identified by a candidate generator, both the
3.4 Gated classification architecture features and the a$s labels of several adjacent caatis
Incorporating medical knowledge and prior obséibrs can be highly correlated duringaining and teshg. We
can be critical to improvinghe perfornance of the CAD  proposed batclvise classification algorithmto explicitly
system. For example lesiohave various characteristics in  account for correlationd/ural, et al. 2009)

their shapes, sizeand appearances. The simplexample | this setting, correlations exist among both fbatures

is that lesiongan be very iy or small. Many of the image  ang the labels of candidates belonging to the same (batch)
features are calculated by averaging over the vo_xels_ W'th'”image both in the training das®t and in the unseen testing
segmentediodule. Featuresalculated on large lesionsill data. Furthermore, the level of correlation can be captured
hencebe more accurate than those evaluated on a smallag 5 function of the pair wisgistance between candidates:
one. Consequently, it may be more insightful tastaict  the dsease status (clatabel) of a candidate is highly
classifiers with separate decision bounearrespectively  correlated with the status of other spatially proximate
for large cardidates and small candidateSating is @  candidates, but the correlations decrease as the distance is
technique used to automatically learn meaningful clustersincreased. Most conventional CAD algorithms classify one
among candidates and construct classifiers, one for eachangidate at a time, ignorirtipe correlations amongst the
cluster, to classyf true candidates from false detections. gndidates in an imageExplicitly accounting for the
(See Figure 12) This can obviously be extended 10 corelation structure between the labels of the test samples,
incorporate different kinds of knowledge, for instance, to e algorithms propsed in (Vural, et al. 2009)jointly
exp_loit differences between the _properties aftca versus predictclass assignments of spatially nearby caneislad
peripheral nodulesyr between sess and flat polyps. improve the classification accuracy significantly.

A novel Bayesian hierarchical mixture of experts (HME) 3.6 Multi ;
: . ultiple -task Learning
has beerdevelopedand tested in ouriing CAD system We are often faced with a shortage of training data for

Igri Iti)?;tlg d 'dgaskb?:;gd nEI}ZI?ti ll_ieMEsinlws |;O a?]?jco{pfgzzlealeaming classifiers for a task. However we may have
P P P additional data for closely related, albeit rAdentical

subtasks.The HME model| consists .Of sev_eral domain tasks. Fo example our data set includes images from CT
experts and a gating network that decides which experts are

most trustworthy on anv input pattern. In other words. b Scanners with two different reconstruction kern&lhile
! y on any input p Lo : » DY training the classifier we could ignore this information and
recursively partitioning the feature space into-sedpjons,

the gating network probabilisticglidecides which patterns pool all the data together. However, there are some
gating ok p . ¥ P systematic differences that make theathire distributions
fall in the domain of expertise of each expert.

slightly different. Alternatively, we could train a separate
In many scenarios we know what kind of false positives our classifier for each kernel, but a large part of our data set is
system generates. We may also have labels for the differenfrom one particular kernel and we have a $enadata set
subclasses in the negatives. (Dundar, Wolf, et al. 2008)  for the other In (Raykar, Krishnapuram, et al. 2Q0Bi,
we presented a methodology to take advantagethe  Xiong, et al. 2008we usemulti-task learninghat tries to
subclassinformation availablein the negative class to estimate models for several classification tasks in a joint
achieve a more robust descriptiari the target class. The  manner. Multitask learning can compensate for small
subclass information which is negledtén conventional  sample size by using additional samples from related tasks,
binary classifiers provides a bettasight of the datasetand and exchangingtatistical information between tasks.
when incorporated into thiearning mechanism acts as an . .

3.7 Learning from multiple experts

implicit regularizer We proposed a method to train a e M _ .
In many CAD applications it is actuallyuite difficult to

polyhedral classifier jointly, where each face of the _
polyhedron can classify each of the negativedabs. The obtain the ground truthThe actual goldstandard (whether



it is cancer or not) can be obtainedm biopsies, but since
it is an expensive and aimvasive process, often A
systems are built from labelassigned by multiple
radiologists who identify the lcations of malignant lésns.
Each radiologist visuallgxamines the medicamiages and
provides a subjectivépossibly noisy version of the gold
standard. In practice, thereds a substantial amount of
disagreement amontle experts, and henceig of great
practical interesto determine th optimal way to learn a
classifier in such a setting.

In (Raykar, Yu, et al. 2009we propose a Bayesian
framework for supervised learning in the presenoé
multiple amotators providing laels but no absolute gold
stardard. The proposed gidrithm iteratively establishes
particular gold stadard, measures the performarufethe
annotatos given that gold standard, and then me§ the
gold standard tsed on the performanceaneasures.
Experimental results indicate that theoposed method is
superior tathe commonly used majority voting baseline.

3.8 Scalability for massive data
Often a greaamount of candidates are commonly produced

in the candidate generation stage to uncover any suspiciougppearance. Tracking

Figure 14 The block diagram of the robust tracker with the
measurement and filtering processes

In (Georgescu, et al. 20043 unified framework was
introduced for fusing motion estimates from multiple
appearance modedsdfusing a subspace shape model with
the system dynamics and measurements  with
heteroscedastic noiseThe appearance variability is
modeledby maintaining several models over time. This
amounts for a ngrarametric representatiorof the
probability density function that characterizes the object
is performed by obtaining

regions, which results in large massive training data. Thisindependently from each model a motion estinzatd its

imposes a requirement for the scalability of the learning
algorithms.Typically we have obsged that linear models

uncertainty through optical flowThe diagram of the
propcsed robust tracking proposeis illustrated inFigure

are more computationally tractable than sophisticated non 14. The approach is robust in two aspects: in the

linear methodsBoosting algorithms aralso efficient to
scale up with large data.

3.9 Detection of shapes

In this section we will briefly describe our proposed
solution for theestimation of the ejection fractioAccurate
analysis of the myocardial wall motion of the left ventricle
is crucial for theevaluation of the heart function. This task
is difficult due to the fast motion of the heanuscle and
respiratory interferencest is even worse when ultrasound
image sequenceare used since ultrasound is the noisiest
among common medical image modalities sashMRI or
CT. Figure 13 illustrates the difficulties of the tracking task
due to signal dropduy poor signal to noise ratio or
significant appearance changes.

Figure 13 Echocardiography images with area of acoustic
drop-out, low signal to noise ratio and significant appearance
changes. Local wall motion estimation has cewiances
(depicted by the solid ellipses) that reflect noise.

measurement proces¥ariableBandwidth Densitybased
fusion is used for combining matching results from
multiple appearancenodds and in the filtering process,
fusion is performed inthe shape space to combine
information from measurement, prior knowledge and
models while taking advantage of the heteroscedastic
nature of the noise.

4. CLINICAL IMPACT

The true measure of impact farmedical image mining
system is not in terms of how accurate it is, but rather how
much a radiologistan benefit by using the softwar&or
example, most CAD systermare deployed in aecond
reader mode, i.e., the radiologist invokes the CAD only
after ke/she has read the case without any prompting from
the CAD software.

A radiologist is likely to use the software only if it is
clinically validated. In order to measure the impacboof
software insuch a scenario we have conducted several
clinical studestrials with our collaborators in different
parts of the world. These studi¢mve been conducted
independently by our collaborators and the reshblse
been disseminated at the annual meetings of the
Radiological Society of North Americ&uropean Soety

of Radiology and various radiology journals.In this
section we will briefly describsome of the most recent
studies and results, which should give a sense of the real
impact ofour medical image mining products order to
keep this section con@swe have only presented a sample



