Computer assisted early detection of liver metastd®m fMRI maps
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Abstract. We present a new method for computer-aided eartgcten of liver
metastases tumors. The method characterized ctdbrepatic metastases and follows
their early hemodynamical changes using an fMREetasatistical model. The changes
in hepatic hemodynamics are evaluated froBWTfMRI images acquired during
breathing of air, air-C& and carbogen. A classification model is build help
radiologists differentiate tumor from healthy tissirhe model is built from 132 well-
validated fMRI samples of tumors and healthy tisduar each sample, a histogram-
based features-vector is constructed. The modékis generated from the data with an
SVM classifier. To test the model, 32 non-validaf®R|l samples were used. 22
samples proved to be healthy tissue and 11 sanppte®d to be tumors. 9 samples
were judged as tumors by the naked eye, but préodee healthy tissue later. Our
classification model yields accuracy of 78.12% vdé67% precision on the test set.
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1. Introduction

The liver is the most common site of visceral migtsis for colorectal carcinoma
patients, with hepatic metastases a frequent elinmomplication. Despite the
availability of numerous treatments, hepatic meises are difficult to eradicate because
of their late discovery. It is well known that, whas normal liver is supplied
predominantly by the portal vein, in patients withert colorectal liver metastases, a
higher proportion of liver blood flow comes frometihepatic artery [1]. Thus, earlier
detection of hepatic metastases may be feasibihedsytoring hemodynamical changes.

The association between hepatic metastases larddaliver blood flow has been
demonstrated by dynamic scintigraphy [1], by Doplenography [2,3], by dynamic
contrast enhanced CT [4] and more recently, by ahyoaontrast enhanced MRI [5].
Measurements using MRI can potentially overcométdiions posed by other imaging
techniqgues, such as poor spatial resolution in oradilide studies, lack of
reproducibility in Doppler US and radiation expaswsing CT. Today, in order to
acquire perfusion images in both CT and MRI thereaineed to use intravenous
administration of contrast agent. Good separatfoarterial from portal phase requires
high temporal resolution which enforces reductibthe spatial resolution.

Recently, we demonstrated the feasibility of fMRtilizing hypercapnia and
hyperoxia for monitoring changes in liver perfusiand haemodynamics without the
need of contrast agent administration [6]. Usirig thethod we characterized colorectal
hepatic metastases and we followed their early ldgmaimical changes [7]. However, it
is hard to isolate regions in the image with sigaifit hemodynamic changes in data
sets acquired at early phase of tumor development.
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Fig. 1. Representative,W anatomical images (Left),Scge maps (Centre) andSa maps (Right) of
mice livers ('S values as indicated in color-bar). Healthy lig#&1C); Confirmed tumor (D, yellow circle)
from late phase growth (21 days following cell tjen) that was taken for model generation (D-F);
Suspected area (G, yellow arrow) from early phasesth (14 days following cell injection) that was

taken for classification. Note typical changeshia torrespondingS maps (circled area in H, ).

2. Methods

This paper presents a new method for the identidicaand classification of regions
with significant hemodynamic changes in fMRI imagéshe early tumor development
stage. The method automatically classifies edIRIfstudies based on a learned model
of tumors constructed from validated training datsasWe propose a two-phase method
consisting of a model generation from training dats of anatomical and fMRI images
with tumors and a classification of new fMRI imagdpesed on the generated model.
The model generation (training) phase proceedfolémvs. The input training set
consists of a series of datasets of live subjauisg) with and without tumors. Each
dataset consists of four images: an anatomical Mfabe MRI) and three fMRI maps.
The fMRI maps were computed by taking the meanigiteacquisitions in normal

conditions Sair) and during the inhalation of G@SC0,) and oxygen S0,). In the
first step, two signal intensity maps are computech the three fMRI maps to measure
the percentage of change of the fMRI signal intgrnisiduced by hypercapnia $cg)
and hyperoxia (S@) as follows:
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where the images are represented as pixel mataicdsthe computation is for each
pixel. An example of the resultingSce and S image maps is shown in Fig 1.

Next, for each Sce and S@ image map, one or more Regions of Interest (ROIS)
suspected of containing tumors are manually ideudtif For each ROI, a one-
dimensional histogram of the intensity values is\pated. The size of the square region
containing the tumor varies from region to regiowl & chosen to match the tumor size
and shape. Both histograms are generated with ed fiumber of bins and are
normalized according to the number of pixels in thgion. Then, for each region and
its associated pair of one-dimensional histograme, compute ann-dimensional
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features-vector by concatenating the histogramovedhto a single vector. We use the
histograms instead of the pixel vectors themselagsfeature vectors to obtain a
normalized measure independent of tumor size aaplesh

The training step then proceeds as follows: farheregion, the radiologist manually
identifies the ROI in the anatomical MRI image adssifies it as either healthy (no
tumor, Fig 1A) or pathological (tumor, Fig. 1D). dhsoftware computes the
corresponding features-vector from th8g and Scgimage maps (Fig 1 B,C for
healthy tissue, and Fig 1 E,F for pathologicaluggs A Support Vector Machine (SVM)
classification engine [8] produces from this tragniset a tumor model consisting of an
n-dimensional discriminative hyper-plane betweeagiaes with and without tumors.

The early detection step proceeds as followsed fiviRI images of the new specimen
are acquired before the tumor has grown. From liheetimages, theSce and So
image maps (Fig 1 H,l) , their Regions of Inter@ROIs), and their corresponding
features vectors are computed as in the previoaseohThe features vector is then
classified according to the tumor classificationdelgoroduced in the training step. The
radiologist can evaluate both the yes/no answee&mh ROI and the distance of the
suspected region from the discriminative hyper-pldn our experiments the result of
the classification is also validated at a lateretiteeveral days or weeks later), once the
potential tumor has had time to develop. An anataimiiRI image or histology of the
ROl is taken and its result compared with thathef ¢lassification.

3. Experiment and results

We performed an animal study on CB6F1 mice thatamednt splenic injection with
CT-26 colon cancer cells (1@ells/mouse in 0.3 ml) to generate metastasessfleen

is removed 5 min later. In this model, 1-5 hepatciules were detected 13-15 days
after cell inoculation by using,W fast SE. Tumor progression was monitored twice a
week by MRI. Animals were sacrificed, and liversreveaken for histology.

For the images, we used a 4.7T Bruker Biospectspmeter with a bird cage coil.
Hepatic volumetric assessment is acquired by seonal and axial ;Fweighted SE
images (TR/TE=250/18ms). Tumor assessment was dsimg T-weighted fast SE
images (TR/TE=2000/40ms). Changes in hepatic hemadics were evaluated from
To*-weighted GE (TR/TE=147/10ms) images acquired myibreathing of air, air-CO
(5% CQ), and carbogen (95% oxygen; 5% g, repeats for each gas.

For model generation, we build a database tbatains 128 samples ofScg and

So maps. The database includes 64 samples of confitoredrs and 64 samples of
healthy livers. For each sample we generated agtufes-vector, where the features
were the intensity histograms of botBcg and S@ maps, with 8 bins per histogram.
We then generated a 16-dimensional classificatiodehusing a SVM engine with a
polynomial kernel [9]. Then, we classified 32 casés S maps that were acquired at
the early tumor growth phase. In all of those casestumors were visible in the
anatomical images gIweighted) at that point in time (between days BCafter tumor
cells injection). From the 32 cases, 11 were cordd as tumors at later time points
with anatomical images of the same position, anda&kes showed a healthy liver. From
the 21 negative cases, 9 had “tumor-lik&maps when observed with the naked eye.

These samples were classified according togmerated model and validated later
by MRI or by histology. We checked our test setoading to the model using the three
types of features described above. We compiledreékalts using Receiver Operator
Characteristics (ROC) graphs [10], as shown inZighe best results were obtained by
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Fig. 2. ROC curves of the classification resuliagslifferent features.

using Sca features solely, with accuracy of 78.12%, precisid 66.67%. The best
recall of 81.82% was obtained by using bo8cg and So.

4. Conclusion

This paper presented a novel method for early tete®f liver metastases using

computerized analysis of fMRI images. The analysss histogram-based features-
vector and an SVM classifier to produce a tumor eho@ihe above classification model

provide better results than the “naked eye” densiegarding tumor existence at early
time points, where tumors are not detectable incanigal images. The accuracy of this
classification model is high (78%) and the numUderatse-positive cases is much lower
than ours (4 cases with the model vs. 9 cases titlnan eyes). These results
emphasize the necessity for a machine learningftwe@nhanced and earlier diagnosis
of liver tumors, which hopefully would improve progsis.
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