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Abstract: The goal of this study was to develop a computeegitherapeutic response
(CADrx) system for early prediction of drug treatmeresponse for glioblastoma
multiforme (GBM) brain tumors with diffusion weigtd (DW) MR images. In
conventional Macdonald assessment, tumor respasesdessed nine weeks or more
post-treatment. However, we will investigate thaigbof DW-MRI to assess response
earlier, at five weeks post treatment. The appacdiffiision coefficient (ADC) map,
calculated from DW images, has been shown to rewtwnges in the tumor's
microenvironment preceding morphologic tumor chang&DC values in treated brain
tumors could theoretically both increase due tocekill (and thus reduced cell density)
and decrease due to inhibition of edema. In thudystwe investigated the effectiveness of
features that quantify changes from pre- and pestihent tumor ADC histograms to
detect treatment response. There are three pattsstastudy: first, tumor regions were
segmented on T1w contrast enhanced images by Qtse'sholding method, and mapped
from T1w images onto ADC images by a 3D regionntéiiest (ROI) mapping tool using
DICOM header information; second, ADC histogramghaf tumor region were extracted
from both pre- and five weeks post-treatment scamsl fitted by a two-component
Gaussian mixture model (GMM). The GMM features &l &ws standard histogram-based
features were extracted. Finally, supervised machearning techniques were applied for
classification of responders or non-responders. dppoach was evaluated with a dataset
of 85 patients with GBM under chemotherapy, in Wwh&9 responded and 46 did not,
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based on tumor volume reduction. We compared adstBoandom forest and support
vector machine classification algorithms, using-fidld cross validation, resulting in the
best accuracy of 69.41% and the correspondinguaréer the curve (Az) of 0.70.

Keywords: CADx; DW-MRI; biomarker; adaBoost; random forestipport vector
machine

1. Introduction

Computer aided diagnosis (CADx) can be defined dsgnosis that is made by a radiologist who
uses the output from a computerized analysis oficakdmages as a “second opinion” in both
detecting lesions and making diagnostic decisidijs Qne aim of the typical CADx system is to
extract and analyze the characteristics of benighraalignant lesions in an objective manner to aid
the radiologist. Here, the “diagnostic” decisiofates to treatment response and early classificatio
drug responders versus non-responders, and we mameroposed system as computer-aided
therapeutic response (CADrx) system.

Glioblastoma multiforme (GBM) is the most aggressand lethal primary brain tumor in human.
Anti-angiogenesis drugs are increasingly being @eal in clinical trials as therapeutic options.aln
phase llin vivo clinical trial, the conventional way to assesatmeent response is the tumor size
change after chemotherapy or radiotherapy basédamadonald criteria and evaluated on T1-weighted
contrast enhanced (T1wCE) MR images. However,afficcan only be evaluated at least 8—10 weeks
after treatment.

Diffusion weighted magnetic resonance imaging (DWlVhas the potential to work as a surrogate
biomarker to reveal changes in the tumor microemwirent that precede morphologic tumor
changes [2]. DW-MRI depends on the microscopic fitglmf water. This mobility, classically called
Brownian motion, is due to thermal agitation andnighly influenced by the cellular environment of
water. Because water diffusion is strongly affedtgdnolecular viscosity and membrane permeability
between intra- and extracellular compartments, DWHMdan be used to characterize highly cellular
regions of tumors versus acellular regions. Treatmesponse detection can be manifested as a change
in tumor cellularity, which may precede tumor stct&anges. Thus, findings on DW-MRI could be an
early sign of biologic changes. [3]

The purpose of this study is to use apparent ddfusoefficient (ADC), derived from DW-MR
images, for early prediction of the tumor volumemfe on a later scan. There are two main parts to
this computer-aided treatment response evaluaty@ters. First, a semi-automated segmentation
algorithm is applied to segment the GBM brain tusnon T1wCE images. Then, the tumor ROI is
mapped onto derived ADC maps and the histogramuwfot ADC values will be extracted for
automatic treatment response prediction.

Computer-aided detection and segmentation of GBhbiumors is a challenging problem and in
Table 1 we present a concise review of the pribmaaiutomatic tumor segmentation. Fuzzy clustering
and knowledge-based analysis are popular methquerer by the early pioneers [4-6]. Voxel-based
classification method using statistical patterrssification techniques are explored by others [[(-15
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Most of the studies above use multiple MRI sequeritéw, T2w, proton density weighted, and Flair)
for the automatic tumor and edema detection ancheetation. Liuet al.[16] developed an interactive
system adapting the fuzzy connectedness using ptauliiRl sequences. Dubst al. [17,18] used
texture features and segmentation by the weightegegation (SWA) method for the GBM tumor
segmentation on T1wCE images which is similar ta p& our study. In our study, we developed
semi-automated method to segment tumors on T1wGCiges) in addition, we mapped the tumor
contours onto ADC maps.

Table 1. Summary of related methods in brain tumor segntiental he type abbreviations
are NC: Nasopharyngeal carcinoma; MNG: MeningionM; - malignant gliomas; MS —
multiple sclerosis.

Authors Technique Type Image sequences  # of tumors

Liu et al.[16] Semi-automated fuzzy GBM T1lw, Tlw+c, Flair 5
clustering

Philipset al.[4] Fuzzy clustering GBM PD,T2w, T1w+c 1

Clarket al.[5] Fuzzy clustering and GBM PD,T2w, T1lw+c 7
knowledge-based analysis

Fletcher-Heath Fuzzy clustering and Brain PD,T2w, T1w with 4

et al. [6] knowledge-based analysis tumor no contrast

Prastaweet al.[7] Learn distribution of normal Brain T2w, T1w (with or 3
tissues/outlier detection as tumors  without contrast)
tumors

Kauset al.[8] Adaptive template -moderateLGG/M  T1lw+c, sagittal 20
technique with atlas prior G view

Leeet al.[11] Conditional random field andBrain T1lw, Tlw+c, T2w 7
support vector machine tumors

Ho et al.[9] 3D level set GBM Tlw+c, Tlw, T2w 3

Vinitski et al.[10] k-nearest neighbor MS andPD, T2w, T1lw, 9

MG magnetization
transfer
Zhu & Yanet al.[12] Hopfield neural network Brain NA 2
tumors

Zhanget al.[13] Support vector machine NC T1lw, Tlw+c 9

Corsoet al.[15] SWA-segmentation by GBM T2w, Tlw, Tlw+c, 20
weighted aggregation. Flair

Dubeet al.[17] SWA with texture features GBM Tiw+c NA

Nie et al.[14] Spatial accuracy-weighted Gliomas High:T1w, T1lw+c 15
hidden Markov field and EM Low:T2w, Flair

to solve the problem of high
and low resolution problem

Computer-aided diagnosis (CADx) in GBM brain tumsran active research area, and many
promising MR methods have been developed for dateeind characterizing cancer, its treatments
and adverse effects, e.g. T1l-weighted MR, T2-wedh¥IR, MR spectroscopy, perfusion-weighted
MR, and diffusion-weighted MR. In our study, we ised on T1-weighted and DW-MRI. Tumor size
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change on T1lw images is the only imaging biomatket is accepted by the FDA as a surrogate
endpoint of clinical outcome after chemotherapy eadiotherapy for phase 1l trials [19]. Diffusion
MRI has been explored as early detection of hum&MGorain tumor treatment response early
therapeutic responses before the tumor size chamgése 2 presents a review of the recent studies
that used DWI for GBM early prediction of treatmemesponse. Ross et al reported ADC value
increase significantly in effective therapeuticemvention in pre-clinical studies and presented two
patients to support this hypothesis in a preliminaimical study [2,20]. Mardoet al [21] applied
both low and high b-value and used mean ADC arfdgidn index for treatment response evaluation.
Moffat et al calculated voxel-by-voxel tumor ADC lwa changes over time and displayed it as a
functional diffusion map for correlation with cloal response [22,23]. They reported that the number
of voxels with increased ADC is related to treatinefficacy. Our previous work [24] showed
promising results for using ADC histogram analysisgd we explored a more sophisticated classifier
and designed experiments to show the advantagése tivo-component histogram modeling.

Table 2. Summary of related methods in GBM tumor treatmmesponse using DWI.

Authors # Of Patients
Cheneveret al.[20] 2
Rosset al.[2] 2
Mardoret al.[21] 10
Moffat et al.[22] 20
Hamstraet al.[23] 34

Machine learning and statistical pattern recognitfave great contributions to the biomedical
community because they can improve the sensitaitg/or specificity of detection and diagnosis of
disease, while at the same time increasing objectdi the decision-making process [26]. The need
for machine learning is perhaps greater than ewamgthe dramatic increase in medical data being
collected, new detection, and diagnostic modalitiesg developed as well as the complexity of the
data types and importance of multimodal analysisall of these cases, machine learning can provide
new tools for interpreting the high-dimensional arwmplex datasets with which the clinician is
confronted [26]. In our study, we explored threHedent classification methods: AdaBoost, random
forest, and support vector machine.

The AdaBoost algorithm, introduced by Freund ankapae [27], is an iterative algorithm that can
boost weak classifiers into a strong classifier angrove the final accuracy. In each iteration, a
feature is working as a weak classifier and the teagure is selected to minimize the averageitigin
error. Afterwards, the weights on training samges redistributed in such a way that the weight of
accurately classified samples will be reduced wtkiile weight of ill classified samples is raised.
Therefore, AdaBoost focuses on the most “difficudties [28]. The final classifier aggregates the
selected weak classifier from each iteration, drel weight for each weak classifier depends on its
error rate. However, AdaBoost can be sensitiveoteenand may introduce the overfitting problem.

Random forests (RF) is a classifier that combinesyrdecision trees [29]. Each tree depends on
values of a random vector sampled independentlyvétid equal distribution. Each tree casts a unit
vote for the most popular case at input, and ranftests outputs the class that is the mode of the
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classes output by individual trees. Breiman sugges generalization error for forests converges to
limit as the number of trees in the forest becotagge [30]. The error of a forest of tree classtie
depends on the strength of the individual treethénforest and the correlation between them. Uaing
random selection of features to split each nodklyierror rates that compare favorably to Adaboost
but are more robust with respect to noise.

Support vector machines (SVMs) are a set of relaegdervised learning methods used for
classification and regression [31,32]. Viewing ihplata as two sets of vectors in an n-dimensional
space, an SVM will construct a separating hypesplanthat space, one which maximizes the margin
between the two data sets. To calculate the matgm parallel hyperplanes are constructed, one on
each side of the separating hyperplane, which gusHed up against” the two data sets. Intuitivaly,
good separation is achieved by the hyperplanetthatthe largest distance to the neighboring data
points of both classes, since in general the lattyemargin the lower the generalization errorhaf t
classifier [33]. SVM have been reported to workM@l pharmaceutical data analysis [34].

There are two main challenges in this work. Ondlehge is the two competing effects in ADC
changes after treatment. In general, water movemsiae cells is more restricted than outside. Thus
increased cell density tends to lower ADC valuesemsas increased edema (more interstitial water)
results in higher ADC values. Therefore, theordigca®ADC values in treated brain tumors could not
only increase due to the cell kill (and thus reducell density), but also decrease due to inhibibb
edema. None of the listed studies above have spadtie separate effects. Thus, we applied a two-
component model to fit the tumor ADC histogram [2Zbhe other challenge is that it is difficult to
directly identify GBM brain tumors on ADC maps. Vdeveloped a semi-automated framework to
achieve that goal.

There are several contributions in this work. Fwat developed a computer-aided method to semi-
automatically identify tumors on ADC maps. Second, explored the changes of different statistical
features of the whole tumor ADC histogram. Morepwse applied a two-component Gaussian
mixture modeling to fit the tumor ADC histogram deercome the two competing effects. Next, we
used earth mover's distance (EMD) to directly measihe distance between the pre- and post-
treatment tumor ADC histograms. Finally, we introdd machine learning technique to do feature
selection and classification to classify respondeid non-responders.

This paper is organized as follows: Section 2 dessrthe image acquisition and patient group,
Section 3 describes the semi-automated identifinatif GBM tumors on ADC maps, and Section 4
describes the histogram feature extraction andsifieastion. The Result Section reports the
performance of the tumor mapping on ADC maps, &edrésults of our comparative study for three
different classifiers. The final section offers @adission of the experimental results as well &s th
future work.

2. Image Acquisition
2.1. Patient cohort

A total of 85 patients with GBM treated by anti-aygenesis drugs were included in our
preliminary study from our research database. Imagethis database were acquired as part of
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multicenter GBM treatment trial. Tumors were diag@ by board-certified radiologists as responders
or non-responders to drugs based on Macdonaldriariteom follow-up scans (8-10 weeks after
baseline). The Macdonald criteria define tumor oese by use of tumor size change, steroids, and
neurological functions. There are four ‘responsategories: complete response (CR): disappearance
of enhancing tumors, off steroids, and neurologycstiable or improved. Partial response (PR): >50%
reduction in size of enhancing tumor, steroids Istain reduced, neurologically stable or improved.
Progressive disease (PD): >25% increase in sizeentfancing tumor or any new tumor, or
neurologically worse, and steroids stable or ineeda Stable disease (SD): all other situationsuin
study, we used tumor volume to evaluate tumor sidese than 50% increase in volume is considered
to be the PD based on the neuro-radiologist’'s sstge[44]. Since GBM is a rapidly progressing
disease, we classified PD as non-responders andPBRynd SD as responders. As a result, 39 were
responders and 46 were non-responders. The DW-MRhsswere performed 5-7 weeks apart
between baseline and follow-up scans.

The patients in this study were pooled from six iw@dsites scanned on 9 different scanner models
(GE/Siemens) including both 1.5 T and 3 T scanngns. imaging protocol for TIWCE is 3D volume
in the axial plane with flip angle-spoiled gradietho sequence (FSPGR) or magnetization-prepared
rapid gradient-echo (MP-RAGE) sequence, 1-5 mne shickness, 0.9375 mm by 0.9375 mm pixel
size, and 256 x 256 in-plane resolution. The imggotocol for the DW images is either DWI or
different tensor imaging (DTI), 700-1,000 s/fmifor b-value, 3-30 for the number of diffusion
sensitization probing directions, 5-7 mm slice khigss, 1.797mm by 1.797 mm pixel size,
and 256 x 256 or 128 x 128 in-plane resolution.

We developed a quality assurance technique to ateline consistency of ADC measurements
from multiple scanners and multiple visits by udeR®I analysis with normal appearing white
matter [35]. Our study [35] showed that there issigmificant difference in ADC measurement among
the different scanner models used. For the betwestreproducibility, ADC measurement was found
to be reproducible with consistent image protocols.

2.2. ADC map derivation

All ADC maps were calculated from DW-MR images wilie same in-house software using a two-
point method as shown in the following equation:

ADC = -In[(b)/S0)]/b (1)

with b being the diffusion sensitivity factor rangibetween 700 and 1,000 s/f®0) andS(b) being

the image intensity when b = 0 and b = 700 — 160f. For DWI images, we calculated ADC maps
from DW images by equation (1). For DTI, we calte¢bADC for each orientation and averaged them
as the final ADC map. Figure 1(b) shows an exaropkederived brain ADC map.
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Figure 1. (a) An example of the tumor segmented on a TIWCE im@geAn example of
the tumor ROI mapped from T1wCE to ADC mdp) An example of the tumor ADC
histogram fitted by two-component Gaussian mixtures
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3. Semi-Automated Image Analysis on ADC Maps

All patients were scanned by both TIWCE MR images$ RW-MR images. Since it is difficult to
segment tumors accurately on derived ADC maps,egenented tumors on T1wCE images first, and
then mapped the tumor contours onto the correspgrADC maps.

3.1. Tumor segmentation on TIwCE MR images

All tumors were segmented on T1wCE images via ai-semomated method using the Otsu’s
thresholding algorithm [36] and seeded region gnowB7]. First, radiologists drew a line from insid
of the tumor to the outside of the tumor on therapimnate center slice of the tumor. Then intensity
values along the line were collected to form a laldiistogram, and the Ostu’s thresholding method
was used to find the optimal thresholding valudgeAfards, a 3D seeded region growing was applied
to obtain the segmentation results in the wholeiwa. Threshold-based segmentation methods are a
standard approach to calculation of tumor volume.

The concept behind the Otsu’s thresholding metl36di is to find the threshold that minimizes the
weighted within-class variatios’ as in equation (2), considering the two-class ssgation into

object and background:

Su(t) =q )7 (1) +0,(1)s 2 (1) (2)

_ o 20y = Ti. 2 P() 0]
ql(t)—i:lP(l) sl(t)—i:l[l m(t)] o) m(t) a0

with q(t) as the class probabilityn(t) as class mears (t) as class variance, ¢ = 1,2 as two different

classes, t is variable for the intensity value, BQJl is the probability density function. Giveniaitial
class mean and variance, the algorithm will do>draastive search by altering the thresholding value
to find the optimal thresholding value.

Afterwards, seeded region growing [37] using th&mal thresholding value was applied to get the
tumor contours in the 3D volume. Radiologists rexd the results and made manual corrections
when necessary. Figure 1(A) shows an example efimented tumor on a TIWCE image.
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3.2. Tumor mapping from T1wCE images to ADC maps

It is difficult for radiologists to directly delirsge the tumor contours on ADC maps, and the
scanner-provided T1w images and the derived ADCsrap not inherently co-registered, because
they have different slice thickness, different diaf view (FOV), and different image resolutions.
Therefore, a 3D ROI mapping tool was developed &p itihe tumor ROIs from T1wCE images onto
ADC maps based on the scanner geometry. Comparttk too-registration technique, the mapping
tool only transformed voxels within the tumor R@ttrer than the whole image volume; thus it was
more computationally efficient. However, the magpiaol could not correct for patient motion; thus a
board-certified radiologist was required to visyatheck the mapped results and perform manual
corrections when necessatry.

The mapping tool used an affine transformation witl parameters extracted from the DICOM
header based on physical locations. Equation 3 shbe way to calculate the 3D physical location
voxelwise. j«is the physical voxel size read from the tag “pigeacing” and calculated from “slice
location”; Xyy,s Yxyz IS image orientation read from the tag “image miagon” which specifies the
orientation of the image frame rows and colunifis,; is the z-direction orientation calculated from
Xxy.s Yxys Syz IS read from the tag “patient position” which sifies the physical location of the
patient’s anterior-left-upper corner; i, j, k arexel index; andPyy,;are the calculated physical location
of the voxel in millimeters. The transformation megs are calculated for both source and target ROI
respectively. For each voxel in the source ROI,ghgsical location is first calculated, and theg th
inverse operation is performed to calculate theesponding voxel coordinates of the target ROI.
Finally, radiologists visually check the contours ADC maps and manually correct the tumor
contours on ADC when necessary. Figure 1(B) shawsxample of the mapped tumor ROI on the
ADC map from the T1IwCE image.

Equation 3. The physical location calculation of a voxel ki),

>(xDi YxDj Zka Sx |
X,D YD, 2D, S ]
X, YD, Z,D, S, Kk
0 0 0 11

0 U,

4. Feature Extraction and Classification

The differences between the features extracted fm@mand post-treatment tumor ADC histograms
are used as the input to a tumor response classifie

4.1. Observations
Figure 2 shows examples of tumor ADC histograms loth pre-and post-treatment with

responders and non-responders. The upper histoghams the ADC value distribution before the
drug treatment, while the lower one shows the AR@ie distribution after the drug treatment. On the
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left is an example of a volumetrically respondingnor, while on the right is an example of a non-
responding tumor. From the figure, we observe tlwtonly the location but also the shape of the
responder’s histogram changes after treatmentiWwbé&aussian mixture components change as well.

4.2. General histogram features

Different statistical features from tumor ADC higtams were extracted. According to clinical
studies, the ADC value should change after treatnierour data set, we observed that the histograms
exhibit change not only in location, but also iragé. Therefore, we introduced the extraction of
different ADC histograms features and explored geanin their pattern. The features are: mean,
standard deviation, skewness, kurtosis, median, (Qtrquartile range), 25% percentile, and 75%
percentile.

Figure 2. Examples of histograms from two tumors and twcetioints:(a), (c): example
of a responding tumor for pre- and post-treatmespectivelyyb), (d): example of a non-
responding tumor for pre- and post-treatment respedyg.
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4.3. Features from GMM

Two-component Gaussian mixture modeling was appiiedach tumor ADC histogram and the
two-component features were extracted. Due to dnepeting effects of tumor cell density and edema,
we made the assumption that the obtained tumor AB@gram was composed of two components
relating to tumor cellularity and edema. We assuthatithe component with lower peak is influenced
by tumor cellularity, and the component with higpeak by edema effects. We used a two component
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GMM as shown in Equation 3 to fit the ADC histogrdom both baseline and follow-up scans and
applied EM algorithm to estimate GMM parameterghwias the intensity values; as the weight of
the components, and ; as the Gaussian parameters.

(- m)?
Zsiz

f(x) = zaiGi(X) Gi(X):S-\:/LZe

i=1 , with

(4)
The EM algorithm can be used to estimate the paemseof a parametric mixture model
distribution: the weight of the componerds the Gaussian parameters and . It is an iterative
algorithm with two steps: an expectation step @ppstnd a maximization step (M-step).
In the E-step, with the current parameter estimatieshe mixture components, the algorithm
calculates the expectation values for the membershriables of all data points. In the (m+1)
iteration, the expectation is:

(m)
(m+1) - ai " Gi(m)(x)

ni 2
ai(m)Gi(m)(X)
i=1 (5)
In M-step, the algorithm maximizes the expectatieslue and updates the corresponding
parameters. The following solutions can be devealope

N N N
(m+1) MH1)Y2 (M) 1
X Bl (%= ™) g =2 pl
Y = n=l (s‘(m+1))2 — n=l N =t (6)
i N | N
(m+1) (m+1)
pni pni

n=1 n=1

The features we obtained from the GMM-EM were na@m&dbwer peak mean (LPM), lower peak
variance (LPV), lower peak proportion (LPP), higpeak mean (HPM), higher peak variance (HPV)
and higher peak proportion (HPP). Figure 2 shovesrgtes of tumor ADC histograms fitted by GMM
with low ADC and high ADC curves overlaid.

Combining GMM features with the statistical feagjrere obtained 14-dimensional feature vectors
for both pre- and post-treatment tumor histograhiserwards, we calculated the rate of change
between the pre- and the post-treatment tumordrato. Therefore, we had a 14-dimensional vector
as the difference feature vector.

4 .4. Earth Mover's Distance

Finally, we applied the earth mover's distance (ENE3B,39] as a metric to directly evaluate the
distance between the pre- and post-treatment t&bD@ histograms. Informally, if the histograms are
interpreted as two different ways of piling up atam amount of dirt over the region D, the EMD is
the minimum cost of turning one pile into the othehere the cost is assumed to be amount of dirt
moved times the distance by which is moved. Theutaled EMD value was appended as the 15th
element in the difference feature vector. The dated 15-dimensional vector was the input feature
vector for classification.
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4.5. Classification

In this study for classification, we investigateldrele classification techniques with different
characteristics: AdaBoost, random forests (RF) suoport vector machine (SVM). We employed
three classifiers to avoid biasing the results dlgdion of a single classification method. Thesoea
we choose them is that the first two classifiershbmclude a feature selection mechanism. By
applying these two classification techniques, we seeking the best features that would separate
responders from non-responders. SVM is reporteautperform several of the most frequently used
machine learning techniques in structure—activifationship (SAR) analysis. [34] In this study, all
classifiers were implemented in the open sourca dahing software Weka [41]. Their performance
was evaluated using 10-fold cross validation method

Three experiments were performed. First, the comweal method of using mean ADC for
treatment response classification was applied§2tond, the AdaBoost, RF classifier, and SVM were
applied to the difference feature vectors of gdnetatistical histogram features without GMM
features, and results from the three classifiersewsmpared. Finally, the three classifiers were
applied using all statistical features including tBMM features, and the results were compared, and
the results of accuracies from different classifara techniques were compared with conventional
method of ADC mean changes by the test of propartio

5. Results
5.1. Segmentation Performance

Figure 3 shows four examples of segmentation onQHwmages and the mapped results on the
derived ADC maps.

For quantitative evaluation of the tumor segmeatatnapping results, we randomly selected 31
subjects’ baseline data. The 31 tumors are frolA[26 mapping database, 20 of which have different
image resolutions between the TIWCE and ADC imaged three dimensions and 11 of which have
exactly the same 3D image resolution in both madali We calculated the overlap ratio between the
mapped ROI generated automatically by the tool @amdROI corrected by a neuro-radiologist. The
overlap ratio (OR) is defined by Equation 6, whé&rand B are two tumor ROIs and size(.) is the
number of voxels in that ROI.

2* siz A B)/(sizg A) + sizeB)) 7)

The results are shown in Table 3 with 20 out oR&lls (64.5%) have an overlap ratio over 90%.

Table 3. Distribution of overlap ratios.

Overlap ratio 100% 95~100% 90~95% 80~90% 60~80% 0~60%
Number of patients 10 7 3 2 5 4
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Figure 3. (a}(d) and (i)-(I) show four examples of tumor segmentations on T1wCE
images;(e}(h) and (m)-(p) show the corresponding mapped tumor contours o€ AD
maps.

(@) (b) (€) (d)

(€) (f) (9) (h)
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5.2. Classification Performance

Using the conventional method of mean ADC changjésts with a mean ADC increase
classified as responders and those with an ADCedser as non-responders) [2,20], the accuracy
Is 29.4% (25/85), with a sensitivity of 17.95% amdpecificity of 60.87% (see Table 4).

Table 4. Performance of the conventional mean ADC classifim method.

Classifier Sensitivity Specificity Accuracy Az
Mean ADC change 17.95% 60.87% 29.4% 0.33

The experiment with AdaBoost involved 10 learnitgrations. The RF classifier was composed
of 10 trees, each of which is constructed consmdefive random features. The SVM classifier used
non-linear polynomial kernels and normalized aditéees.

The results for the experiment using only the ganleistogram features without GMM are shown
in Table 5 with sensitivity, specificity, accuraapd area under the ROC curve (Az). The ROC curves
are shown in Figure 4. The curve using conventioman ADC was plotted by varying the threshold
of the mean ADC change used for the classificatwam)e the curve using the three ML techniques
were plotted by Weka. Weka plots the ROC curvesvasying the threshold on the probability
assigned to the positive class.

Table 5. Performance comparison among three classifietsowitGMM features.

Classifier Sensitivity Specificity Accuracy Az

AdaBoost 45.45% 75% 63.53% 0.61
Random forest ~ 54.55% 73% 65.88% 0.66
SVM 27.27% 92.3% 67.06% 0.60

(*: All p-values <0.0001 comparing with accuracyTable 4)

Figure 4. ROC curve for three classifiers without GMM fea&tsir

With GMM features added, the three classifiers i same parameter setups were applied to the
data. The results are shown in Table 6 with seitsitispecificity, accuracy and area under the eurv
(Az) of the ROC curve. The ROC curves are showrigure 5.
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Table 6. Performance comparison among three classifiets @NIM features.

Classifier Sensitivity Specificity Accuracy Az

AdaBoost 39.39% 80.77% 64.7% 0.60
Random forest 51.52% 80.77% 69.41% 0.70
SVM 27.27% 92.3% 67.06% 0.60

(*: All p-values <0.0001 comparing with accuracyTable 4)

Figure 5. ROC curve for three classifiers with GMM features.

6. Discussion

Compared to using only the mean ADC value, the tijaive statistical histogram features and the
proposed classification system tremendously imptowke accuracy from 29.4% to 69.41%
(Az increased from 0.33 to 0.70). The statisticablgsis indicates that all three classifiers are
significantly different from the conventional meABC method with our dataset. Compared to general
statistical histogram features, the classificatwith GMM features using random forest technique
slightly improved the accuracy from 65.88% to 696 Wwhile adaBoost and RF classifiers generated
the same accuracy no matter whether GMM features weluded. There is no significant difference
between the three machine-learned classifiers.

The conventional mean ADC method performs worsa thaandom classifier (Az < 0.5). The
reason is that conventionally researchers hypatbdsihat mean ADC increases because the tumor
cell density decrease after an effective treatm&his assumption may not be valid for our dataset,
because it involves in an anti-angiogenesis druggchvsuppresses the cancer cell growth without
necessary killing tumor cells (decreasing theirsityh at an early stage (5-7 weeks). Another pdssib
reason is that in our dataset many of the GBM twnase recurrent GBM tumors that are usually
necrotic. The treatment tends to reduce necrogiseaiema, which will diminish ADC. Essentially
there are two competing processes at work: ceBitdgredema and necrosis [25].

Another state-of-art study included features tlegdtere spatial information in tumor heterogeneity
features. Functional diffusion map (fDM) [22,23] aspopular technique studying the ADC value
increase or decrease voxel-by-voxel. Moffat etapplied fDM to 20 patients, classified patientint
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the three categories: PR, SD and PD, and repofiéélaccuracy [22]. However, the threshold they
used for classification was determined from a sirdptaset of 20 patients used for both training and
testing, while in our experiments, a cross valoatanalysis was performed. In Moffat et al's study,
they explored the assessment of fractionated radiaherapy for different types of brain tumors
with 20 patients scanned on the same scanner [H-®jever, in our study, we focused on the GBM
brain tumors treated by anti-angiogenesis drugschiwbuppress the blood supply for the tumor cells
and may not directly decrease the tumor cellulaftye difference in accuracy may come from the
different mechanism of treatment. Additionally, alataset is from GBM drug trials across multiple
sites, thus our preliminary study is an importamitdbution for exploring DWI as an early imaging
biomarker in a real pharmaceutical drug trial. utufe work, we will extract texture feature to indé
spatial information, and shape features will beaoted as well. By introducing a new richer feature
set indicating more useful tumor information, wendb include more information about tumors and
further improve the performance of the classifimatsystem.

One limitation of this study is that we classifi€®R, PR and SD as responders for the ground truth
to achieve a binary classification. Since SD andn®y have different patterns in terms of their ADC
histogram change, a multi-category classificatigateam will be explored in future work. Another
limitation of the study is that we used the Macddraiteria at the eighth or tenth week after tneant
for determining treatment response. In future wairke-to-progression and survival time will be a
better endpoint to classify treatment response.tiAgrolimitation comes from the 3D ROI mapping
tool. This tool is more computationally efficienbrapared to the co-registration techniques, but it
cannot correct for patient motion. Therefore, i atudy, a board-certified radiologist’s visually
checked and edited all segmentation results asededwl the future, a more sophisticated registmatio
method with an image similarity measure may imprtwe accuracy of the tumor contours on ADC
maps, and consequently improve the accuracy aéxttracted features and the classifier performance.

ADC values obtained on pre-operative MRI scansgperted to be of prognostic value in patients
with glioblastoma [25,42]. The term "prognosis"aesf to predicting the likely outcome of treatment.
ADC, reported to be inversely proportional to tunseHtularity, is gaining interest in predicting GBM
tumor prognosis. Our proposed framework now usesgbs in DW-MRI for early prediction of
treatment response; however, the framework wittufeaextraction and machine learning technique
could be generalized to pre-treatment DW-MRI faygerosis prediction.

In this study, we developed a CADrx framework witAchine learning techniques to automatically
predict tumor treatment response before the siaag# using DW-MRI. In our preliminary study, our
major contributions are extracting statistical Ab@&togram features, applying GMM to model the
ADC histogram to interpret the competing effectg@lfular density and edema, and applying machine
learning techniques using all the extracted featu@ell density and edema may be reflected in ADC
values before size changes are apparent on staktRirdequences. Therefore, ADC holds promise as
a biomarker, in determining both which tumors arerenlikely to respond to treatment and which
tumors are actually responding.

In conclusion, this work shows that a CADrx systesing quantitative ADC histogram features
and a machine-learned classifier has better pedooa in treatment response assessment over
conventional analysis using only a mean ADC valtigs will have major implications for clinical
trials. This work has potential clinical signifiaafor early treatment response assessment in GBM.
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