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1 Introduction

Dynamic contrast-enhanced resonance imaging (DCE-MRI) plays an important role in oncol-
ogy. During a number of scans, a contrast agent, usually a Gadolinium complex like gadopentate
(Gd-DTPA) is injected into the patient. DCE-MRI scans show the flow of the contrast agent, and
therefore the blood flow, between vascular space and extracellular extravascular space (EES),
since the contrast agent is too large to enter the cells. Growth of tumor depends on its ability
to initiate formation of new blood vessels, that can grow into the tumor; a process called angio-
genesis. So tumors are regions of high blood flow and of high fraction of vascular space, and
therefore can be detected via DCE-MRI.

We use standard pharmacokinetical models for DCE-MRI as basis for our data model in a
Bayesian hierarchical framework. After describing the standard procedure in DCE-MRI, we
develop Bayesian hierarchical model to estimate the kinetic parameters. In a further step we
include spatial information via a Gaussian Markov random field (GMRF) prior. Cancer tis-
sue often is heterogeneous; therefore smoothing techniques for DCE-MRI need to have edge-
preserving qualities. Also, coil effects and other sources of errors differ over the field of view.
Therefore we use an adaptive GMRF approach, which estimates local smoothing weights.

2 Model for DCE-MRI contrast time series

Quantitative analysis of DCE-MRI is achieved by applying pharmacokinetic (PK) models to
the contrast agent concentration after contrast injection. Each kinetic parameter has a direct
relationship with key biological processes of interest, likeKtrans, the transfer rate from blood
plasma to EES. Quantitative PK parameters can be estimated by fitting a nonlinear function
— the solution of a system of linear differential equations — to the observed contrast agent
concentration as a function of time.

The standard model for quantitative analysis of DCE-MRI is the compartmental model in-
troduced by Kety (1960). The flow of the contrast agent between blood plasma and EES is
expressed via a set of linear differential equations. The solution of those is the convolution of
the arterial input function (AIF) and the response function. Recently, more complex models
where suggested like the extended Tofts-Kermode model (ETK):

Ct(t) = vpCp(t) + Cp(t)⊗Ktrans exp(−kept). (1)

Here,Ct(t) denotes the concentration of the contrast agent at timet, Cp(t) denotes the arte-
rial input function andKtrans represents the volume transfer constant between blood plasma
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and EES, whereaskep represents the rate constant between EES and blood plasma. The third
parametervp represents the fraction of tissue occupied by plasma.

The arterial input function describes the input of the contrast agent to the tissue. Where a
measurement of the AIF is not available, as in the dataset in our study, a standard AIF proposed
by Tofts and Kermode (1984) can be used:

Cp(t) = D
2∑

i=1

ai exp(−mit) (2)

with the valuesa1 = 3.99 kg/l, a2 = 4.78 kg/l, m1 = 0.144 min−1 andm2 = 0.0111 min−1 and
D, the actual dose per body weight. By carrying out the convolution in (1) the following model
can be derived

Ct(t) = vpCp(t) + DKtrans
2∑

i=1

ai{exp(−mit)− exp[−kept]}
kep −mi

. (3)

2.1 Bayesian model for a voxel per voxel analysis

Let yi = (yi(0), . . . , yi(T )) be the observed contrast agent concentration time series at voxel
i from the time of the arrival of the contrast agent in the region of interest to the end of the
observationT . Let Y = (y1, . . .yn) be the complete acquired data, withn the number of
voxels in the ROI. LetCt;i(t) be the true, unknown contrast agent concentration in the tissues in
voxel i at timet. The observed concentration isyi(t) = Ct;i(t) + εit, i = 1, . . . , n; t = 0, . . . , T
with the observation errorsεit ∼ N(0, τ−1

ε ) following independent Gaussian distributions with
unknown variance. We defineCt according to (3)

Ct;i(t) = vp;iCp(t) + DKtrans
i

2∑

l=1

al{exp(−mlt)− exp[−kep;it]}
kep;i −ml

, (4)

The two pharmacokinetic parametersKtrans andkep are rates, therefore positive. For the
kinetic parameters we use prior information suggested by experts. For the transfer rates, inde-
pendent Gaussian priors for the logarithm of both PK parameters in each voxeli are suggested,
log(Ktrans

i ) ∼ N(0, 1), log(kep;i) ∼ N(0, 1), to ensure ositive values for both parameters; The
prior states that the parameters do not exceed 5 with a probability of94.6%. The vascular
parametervp is the fraction of vascular space in the tissue. Here we use a Beta distribution
Beta(1, 19), which statesa priori expected value of 0.05 forvp. The precision of the obser-
vation error is assumed to be the same over the whole region of interest with a flat Gamma
distributionτ ∼ Ga(1, 10−4).

The PK parameters are updated using Metropolis-Hastings (MH) steps, with random walk
proposals. The algorithm is tuned to get a acceptance rate of 30-50% for update of PK parame-
ters.

2.2 Bayesian model including spatial information

So far spatial information has been neglected. The allocation of tissue to voxels is arbitrary,
and each voxel contains a mixture of tissues. Taking into account that neighboring voxels have
similar properties, we develop a model with a Gaussian Markov random field prior for two of
the kinetic parameters. The data model is unchanged from above. Again, the observed data
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yi(t) are assumed to be the true concentrationCt(t) plus white noiseεit. The concentration
follows the extended Tofts-Kermode model as in (4).

We assume neighboring voxels to have similar properties in terms of the log rate parameters.
We use a Gaussian Markov random field as prior for the logarithms of these parameters. That
is, we assumea priori, that the conditional distribution of the logarithms of lets sayKtrans in a
voxel i only depends on the neighboring voxels. Neighbors are defined by sharing a common
border and here each voxel has up to six neighbors (less in the borders and edges of the region
of interest). The joint distribution of the logarithm of the parameters can be specified as a
improper multivariate normals with expected value zero andW = (wij) andV = (vij) as
precision matrices, respectively:

p(log(Ktrans)) ∝ |W |−1/2 exp−0.5 (log(Ktrans)W log(Ktrans)) (5)

p(log(kep)) ∝ |V |−1/2 exp−0.5 (log(kep)V log(kep)) (6)

with |W | the product of non-zero eigen values ofW .
We allow the weights in (5) to differ. The weights specify the local smoothness of the

parameter map. We use independent flat Gamma priors for the weights:

wi,j ∼ Ga(1, 10−4), vi,j ∼ Ga(1, 10−4). (7)

The smoothing weights are updated in blocks. A posteriori, the weights given the parameters
are not independent. To update the weights, the normalizing constant|W | in (5) has to be
computed. We follow an idea of Brezger (2005) to solve this issue. The kinetic parameters
in the voxels are rather updated in a random order than per row. From our experience, this
sampling scheme shows a slightly better mixing. The precision of the observation error can be
drawn in Gibbs steps.

3 Application

We validate our technique on data from a breast cancer study. All data were provided by Paul
Strickland Scanner Centre at Mount Vernon Hospital, Northwood, UK. A scan consists of four
sequential slices of230×256 voxels, acquired over 11.9 seconds; 40 scan were acquired in
about 8 minutes. As a reference method we use classical non-linear regression with Levenberg-
Marquardt optimization.

Fig. (a) and (b) showKtrans parameter maps estimated by the reference method and the
voxel-per-voxel Bayesian method for one slice of one of the scans, and a scatter plot of the
estimates for all slices of this scan. The results for both methods are nearly similar, the corre-
lation between the estimates of both methods is 99.87%. For the reference method estimates in
some voxels are missing due to convergence problems, which is not the case for the Bayesian
framework. Fig. (d) and (e) show error estimates ofKtrans from asymptotic statements from
classic non-linear regression theory and standard errors ofKtrans with the Bayesian model.

Fig. (c) showsKtrans parameter maps of the Bayesian voxel-per-voxel model, a Bayesian
hierarchical model with global smoothing and the proposed adaptive approach. It shows the
edge-preserving qualities of the proposed method; the edge of the tumor is preserved, wheres
the global smoothing just smooths over the edge and blurs these thereby. In addition, different
regions of tumor tissue get better visible with the adaptive approach. By using spatial informa-
tion, or “borrowing strength”, as it is sometimes called, the estimation error can be reduced, see
Fig. (f). Fig. (g) shows the smoothing weights in the three slices. Weights inx andy direction
are depicted as diamonds in one image; the weights are actually “on the border” of the voxels.
The edge of the tumor is clearly visible as are borders of different tissues of the tumor.
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4 Discussions and Conclusions

In this paper, we develope an adaptive smoothing technique for the analysis of dynamic contrast-
enhanced magnetic resonance imaging. Standard techniques for such images are derived from
the pharmacokinetic properties in the tissue. The Bayesian models also provides us with further
information about the quality of the estimation, that is, with a whole posterior distribution of
each parameter. Statements about size and quality of the tumor can therefore be more informa-
tive.

The Bayesian formulation of the model allows us to smooth adaptively. The proposed
method not only allows the use of adaptive weigts, the weights themself although give us a
better insight in the tissue under investigation.
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