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Abstract— Physiological parameters can be estimated from
dynamic contrast enhanced magnetic resonance imaging (DCE-
MRI) data using pharmacokinetic models. This work evaluates
the performance of various pharmacokinetic models through a
retrospective study on cervix cancer, including two generalized
kinetic models and three 2-compartment exchange models
(2CXMs). In the current clinical practice, region of interest
(ROI) is treated as a whole and the models are assessed by
their top pharmacokinetic parameters. We explore various
texture features extracted from pharmacokinetic parameter
maps to discover the inter-voxel relationship and demonstrate
that, for those insignificant parameters, texture features can
largely improve their discriminative power. Multi-parametric
classifiers are developed to fuse the information carried by
physiological parameters and their texture features. Assessed
merely by the top parameter, the DP (distributed parameter)
model is the best one with an area under the ROC (receiver
operating characteristic) curve (AUC) of 0.80; by combining
multiple pharmacokinetic parameters, the ExTofts model is the
winner, with an AUC of 0.837. The models with additional
texture features on the AATH (adiabatic approximation to the
tissue homogeneity) model achieves an AUC of 0.92.

Clinical Relevance - Using data from 36 cervical cancer pa-
tient and 17 normal subjects, this work quantitatively compared
the various pharmacokinetic models and provided recommen-
dations for model selection in cervical cancer diagnosis.

I. INTRODUCTION

Cervical cancer is the fourth most common cancer in
women [1] and remains an important socioeconomic issue
as it largely affects women of reproductive age. Biopsy of
suspicious lesions on colposcopy is the current gold standard
for cervical cancer diagnosis. MRI is the preferred image
modality for evaluating local extent of cervical cancer dueto
its high contrast resolution [2]; but is not able to discriminate
between invasive cancer and other lesions caused by non-
neoplastic pathological processes [3]. The limitation may
be overcome by dynamic contrast-enhanced (DCE) MRI,
which, provides information on tissue perfusion and capillary
permeability that are not directly measurable from MRI
signal intensity images.

DCE-MRI dynamically scans the tissue of interest and
monitors changes in signal intensity over time after the injec-
tion of contrast agent (CA). A variety of mathematical mod-
els have been developed [4-8] to describe the transportation
process of CA. The Tofts [4] and ExTofts [5] models were
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considered as single-compartment models (SCMs) as they
assume uniform concentration of the CA within the intersti-
tial space. More complex models, termed as 2-compartment
exchange models (2CXMs), were developed with fewer as-
sumptions or constraints regarding the CA concentration and
tissue structure, including the Brix model [6], the adiabatic
approximation to the tissue homogeneity (AATH) model
[7] and the distributed parameters (DP) model [8]. Studies
reported that 2CXMs yield better performance in parameter
fitting [9] and cancer assessment [10-12]. However, such
models require higher data resolution [10] and are more
sensitive to noise [13]. Thus, with certain sampling rates
and noise levels, a simpler model, such as Tofts, is optimal
[14]. To empower the discriminative power of pharmacoki-
netic parameters, various features can be extracted from the
pharmacokinetic maps for learning. First order statisticse.g.
mean and standard variation provide global information of
Region of Interest (ROI) in tissue. Higher order features
can further capture the spatial relationships within the tissue
voxels, such as spatial heterogeneity, which occurs in tumor
angiogenesis [15]. Recently, studies on texture analysis in
DCE-MRI have shown superior performance to those first
order statistical features in many applications such as pre-
dicting chemotherapy response in breast cancer [16-17], dif-
ferentiating benign and malignant breast lesions [18], tumor
grading [19] and cervical cancer diagnosis [20]. Thibault and
colleagues [21] applied the Tofts model [4] and investigated
the effectiveness of texture features extracted from voxel-
based parameter maps for early prediction of breast cancer
response to neoadjuvant chemotherapy. Torheim et al [20]
applied Brix model [6] and proposed a prediction method
with Support Vector Machine (SVM) [22] using gray level
co-occurrence matrices, attaining accuracy of 70%, similar
to the prediction results using tumor volume and stage.

This study aims to evaluate the performance of different
pharmacokinetic models through a retrospective study in
cervix cancer. The model’s efficacy in cancer prediction is
assessed from three aspects. First, each parameter is accessed
individually by statistical test on ROI-mean; second, the
inter-voxel relationship is evaluated by texture analysis; and
finally, a multi-parametric approach is developed to enhance
the discriminative power of pharmacokinetic model.

II. M ETHODOLOGY

A. Pharmacokinetic models

Pharmacokinetic models describe CA kinetics with certain
assumptions or prerequisites. The Tofts model assumes a
uniform concentration of the CA within interstitial space



and negligible contribution of intravascular CA to the total
tissue concentration [4]. ExTofts was introduced to account
for intravascular CA contributions and were used for highly-
perfused tissues including tumors [5]. The time course of
tissue concentrationCtiss was modeled as follows:

Ctiss(t) =CA(t)⊗Ktransexp(
−Ktrans

Ve

t) (1)

Ctiss(t) =CA(t)⊗
[

Ktransexp(
−Ktrans

Ve

t) + Vp

]

(2)

where CA(t) is the arterial input function, denotes the
convolution operator. Volume transfer constantKtrans in
the Tofts model (Eq.1) is a combined measure of blood
flow and capillary permeability.Ve is the volume fraction
of extracellular, extravascular space (EES). An additional
parameterVp in Eq.2 represents the fraction of blood plasma
within a voxel. Both models produce a derived parameter
Kep = Ktrans/Ve.

Several 2CXMs were developed to better describe the CA
kinetics with less assumptions, including the Brix [6], AATH
[7] and DP [8] model. A simplified illustration of 2CXMs
can be found in Fig 1. More parameters were introduced,
such as, the fractional volumes of intravascular plasmaVp,
flow rate of blood plasmaFp, mean vascular transit time,
bidirectional exchange rate between the plasma space and
EES, termed asPS, etc. Detailed mathematical notations of
the three models can be found in the original publications
[6-8].

Fig. 1. Simplified 2-compartment exchange model (2CXM). EES -
extravascular extracellular space;Ve - the fractional volumes of EES;Vp

- the fractional volumes of intravascular plasma;Fp – Flow rate of blood
plasma; PS – bidirectional exchange rate between the plasma space and
EES.

In this study, model fitting and derivation of parameter
maps were performed using commercially available software
(MItalytics, Fitpu Healthcare, Singapore). In total 26 param-
eters were derived from the 5 models mentioned above.

B. Model selection based on the top parameter

In the current clinical practice, ROIs are treated as a
collection of voxels that are represented by the means and
standard deviations of a pharmacokinetic parameter map. The
model selection is determined by the statistical power of the
parameters derived from the models. Wilcoxon rank sum test
was conducted to assess each pharmacokinetic parameter.
To visualize the data distribution, the probability density

function (PDF) of a parameter was approximately derived
using the method of Gaussian kernel density estimation.

C. Model selection based on inter-voxel relationship

The spatial relationship among the tissue voxels, such as
spatial heterogeneity, can be quantified using texture feature
analysis. Both structural and statistical textures for DCE-
MRI pharmacokinetic maps were explored in this study.
Specifically, we employed Gabor wavelet [23] for structural
texture analysis and gray level co-occurrence matrix (GLCM)
[24] for statistical texture analysis.

D. Gabor Wavelet for Structural Texture Analysis

The frequency and orientation representation of Gabor
filter are found to be appropriate for texture representation
and discrimination. The Gabor descriptor of linear low pass
filter is defined as:

Gθ,λ,σ,ϕ(x, y) = exp(−A2 + γ2B2

2σ2
)cos(

2π

λ
A+ ϕ)

whereA = x cos(θ) + y sin(θ), B = −x sin(θ) + y cos(θ),
θ is the orientation of Gabor function,λ is the wavelength
of the sinusoidal factor,ϕ is the phase offset,σ the standard
deviation of the Gaussian factor andγ the spatial aspect ratio
to specify the ellipticity of the Gabor function. The outputs
of Gabor kernel are combined to obtain texture feature:

Gλ,θ(x, y) =
√

(I(x, y)⊗ gλ,θ,ϕ=0(x, y))2 + (I(x, y)⊗ gλ,θ,ϕ=
π

2
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In this study, a set of different frequencies and orienta-
tions are used for structural feature extraction, withλ =
{2
√
2, 4, 4

√
2, 8, 8

√
2}, θ = {0◦, 45◦, 90◦, 180◦} , σ =

{1.5, 2.5} andγ = 1. In total 40 features are obtained.

E. GLCM for Statistical Texture Analysis

GLCM [24] is the most commonly used technique for
statistical texture analysis. The pharmacokinetic maps are
first normalized into a N-gray-level image I by histogram
equalization.GLCMI,∆(i, j) , the Co-occurrence matrix,
measures the joint probability that a pixel with gray level
i occurs jointly with another pixel with a gray-levelj for a
given spatial offset(∆x,∆y).

GLCMI,∆(i, j) =
w
∑

x=1

h
∑

y=1

{

1, if f(x, y) = i andf(x+∆x, y +∆y) = j

0, otherwise

GLCM is dependent on the settings of offset, angle and gray
level. We use(∆x,∆y) = {1, 2}, angle={90◦, 180◦} and
N = {4, 8} to calculate GLCM. A number of second-order
statistical texture features can be derived from the GLCM,
such as contrast, correlation, energy, and homogeneity etc.

F. Model selection based on the multi-parametric approach

Fusing the information carried in multiple pharmacoki-
netic parameters can give a more complete picture of the
tissue physio-biological characteristics. The model selection



thus can be based on multi-parametric classifier’s perfor-
mance. The classifiers are developed using SVMs where the
feature space is composed of the first-order statistical features
(e.g. the means and standard variations) and higher order
features (e.g. Gabor feature and GLCM features) extracted
from multi- parametric maps derived from each model. To
evaluate the classifiers, we conducted leave-one-subject-out
(L1SO) cross validation for all subjects. The performance of
different classifiers was compared using ROC (receiver oper-
ating characteristic) curves, which plots the test’s sensitivity
(true positive rate) against 1-specificity (false positiverate).
We then calculated the AUC (area under the ROC curve) for
each ROC. The method was implemented using MATLAB
9.1 and the LibSVM library [26] with radial basis function
(RBF) kernel.

TABLE I

P-VALUES OF WILCOXON RANK SUM TESTS

model parameter ROI Top GLCM Top Gabor
-mean feature feature

AATH

Fp 1.20E-03 1.82E-06 3.45E-05
tc 2.91E-09 2.04E-03 2.68E-10
E 7.90E-02 2.15E-06 1.62E-07
Ke 2.09E-09 2.54E-06 5.35E-10
Vp 9.95E-08 3.46E-03 3.70E-08
Ve 8.94E-11 1.91E-06 2.18E-10
PS 2.90E-01 2.32E-06 7.64E-06

Brix

Fp 8.29E-02 1.05E-05 1.20E-08
Tp 3.73E-02 5.03E-07 5.28E-05
Vp 4.08E-02 2.18E-06 1.80E-05
Ve 4.68E-11 5.01E-05 1.05E-04
PS 4.70E-10 1.91E-04 1.46E-04
E 4.08E-11 1.72E-04 2.35E-05

DP

F 3.46E-02 4.80E-09 4.70E-10
Tp 2.10E-01 3.79E-09 2.95E-05
Vp 6.82E-01 4.91E-09 2.31E-05
Ve 1.99E-16 4.01E-09 3.20E-05
PS 1.42E-05 3.39E-09 2.65E-07
E 7.72E-10 3.28E-09 1.89E-08

ExTofts

Ktrans 7.98E-01 5.62E-06 9.09E-06
Ve 1.22E-10 1.76E-06 1.35E-12
Vp 7.71E-11 1.11E-08 1.23E-06
Kep 2.14E-14 4.54E-06 4.11E-08

Tofts
Ktrans 9.70E-07 9.05E-14 8.88E-08

Ve 1.33E-15 7.75E-14 1.17E-08
Kep 3.29E-03 9.18E-14 1.05E-10

III. E XPERIMENTS AND RESULTS

A. Patient data

This retrospective study was approved by the institutional
research ethics review board, and informed consent was
obtained from all the patients. 68 female patients (mean
age, 50.4 years; age range, 41-75 years) clinically suspected
of having cervical cancer were involved in the study. All
diagnoses were histopathologically confirmed. The MR ex-
aminations were performed on a 3.0T scanner (Discovery
MR750, General Electric, USA) using an 8-channel torso
phased-array coil. DCE-MRI was performed using a three-
dimensional T1-weighted spoiled gradient echo sequence.
Ten pre-contrast agent scans of each flip angle (4◦, 8◦ and
11◦) were acquired in the axial plane under quiet respiration.
Dynamic post-contrast agent scans were acquired using the
same sequence and a flip angle of11◦, with the intravenous
injection of gadopentetated imeglumine (Magnevist; Bayer
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Fig. 2. PDFs of cancer and normal tissue using parameter ROI-mean (on
the left) versus their corresponding texture features (on the right). From top
to bottom are parametersPS(AATH), Vp(Brix), Kep(Tofts).

Healthcare Pharmaceuticals Inc., NJ) at a rate of 2 ml/s with
a standard dose of 0.1 mmol/kg. A total of 180 consecutive
scans were acquired for the dynamic series with a temporal
resolution of 2s and subsequently acquired in the sagittal
plane. 15 patients were excluded from the study due to
poor DCE-MRI quality, conflicting patient history or no
identified mass for stage Ia patient. In the end, 36 cervical
cancer patients and 17 healthy subjects were included in the
analysis. Cancer tissue and normal tissue ROIs are outlined
by two experienced radiologists.

B. Model selection based on different feature sets

We conducted Wilcoxon rank sum test for all the parame-
ters and their texture features extracted from the correspond-
ing parameter maps. All data is log-normalized to a value
ranging in [0-1]. Table I lists the p-values attained from
the tests. ParameterVe derived from all 5 models attained
very low p-values, suggesting that the volume fraction of
extracellular, extravascular space (EES) had very high dis-
criminated power. Judging by this parameter, the DP model
is the best model to differentiate cervical cancer tissue from
normal tissue. For some of the insignificant pharmacokinetic
parameters, text features extracted from their parameter map
can largely improve their discriminative power. For example,
PS(AATH)’s ROI-mean shows insignificant discriminative
power with a p-value of 2.90e-01, while the GLCM cor-
relation feature for PS(AATH) has a p-value of 2.32e-06
which is highly discriminative; GLCM homogeneity feature
extracted fromVp(Brix) also largely improves the discrimi-
native power. Probability density functions (PDFs) [26] were
estimated for both cancer tissue and normal tissue. Fig.2
plots the PDFs of 3 parameters and their selected texture
features. In the left panel, the PDFs of cancerous tissue and
normal tissue stay close to each other, and their correspond-
ing texture feature PDFs are much more differentiable in
the right panel. Such improvement implies that inter-voxel
spatial relationship is useful for cancer tissue recognition.
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Fig. 3. ROC curves of three groups of classifiers

C. SVMs prediction result

To evaluate the combination effect of multiple parameters,
we developed multi-parametric classifiers for all the five
models based on following setting: Feature space comprising
1) the ROI-means and ROI-standard variations of the top
parameter (Ve); 2) the ROI-means and ROI-standard vari-
ations of model pharmacokinetic parameters; 3) the ROI-
means, standard variations and texture features. Figure 3
shows the ROC curves of the three classifiers, the AUCs of
each ROC curve can be found in the figures. If only consider
the top discriminative parameter, i.e.Ve, the DP model is
the best. Among the 5 models, DP model is mathematically
most complicated, thus is the closest model describing the
real physio-biological process, as shown in studies [9] that
that 2CXMs yield better performance in parameter fitting.
However, the extra parameters may introduce noise resulting
multi-parametric DP model classifier no longer perform
better than the simpler models. When combining texture
feature with pharmacokinetic parameters, the AATH model
is the best model, with an AUC of 0.92.

IV. CONCLUSION

This work evaluated the performance of various phar-
macokinetic models in differentiating cervical cancer tissue
from normal tissue using the features of ROI statistics and
texture descriptors. The result demonstrated that the texture
features could significantly improve the discrimination power
of pharmacokinetic parameters. With a SVM classifier, the
AATH model attained the best performance.
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