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Rationale and Objectives. In this article we propose an alternative approach to voxel-by-
voxel analysis, which overcomes problems associated with heuristic methods currently used for
dynamic contrast enhanced MRI (DCE-MRI) data assessment. We aim to allow fully automated
extraction of various heuristic parameters via robust pre-processing methods and a new technique
for classi�cation of temporal patterns of contrast agent uptake, making full use of all available
dynamic frames of the datasets. We also demonstrate that application of e�cient pre-processing
methods permits more accurate analysis of the dynamic data.

Material and Methods. 10 DCE-MRI datasets enhanced by gadolinium diethylene triamine
pentacetic acid were acquired from patients su�ering from rheumatoid arthritis using a 1.5T MRI
scanner. Fully automated voxel-by-voxel analysis of DCE-MRI signal intensity curves from 60
temporal slices was performed using a new method. Qualitative evaluation of the degree of
in
ammation was done via constructing parametric maps and quantitative by computing various
heuristics such as maximum rate of enhancement, initial rate of enhancement, and time of onset
of enhancement.

Results. Quantitative and qualitative evaluation obtained for 10 DC E-MRI datasets is pre-
sented. We demonstrate that pre-processing techniques compensate for patient movement, con-
tribute to data �delity and therefore permit more robust est imation of various heuristics such as
maximum rate of enhancement, initial rate of enhancement, and time of onset of enhancement.
Automatically generated parametric maps of these heuristics show favourable characteristics,
permitting easier di�erentiation of structures of interes t. These results are free from the sub-
jective input and therefore easily reproducible. Furthermore, the proposed classi�cation scheme
provides information on the pattern of contrast uptake previously unavailable.

Conclusion. Our preliminary results demonstrate the potential of the proposed method for
providing objective quantitative and qualitative assessment of DCE-MRI in the metacarpopha-
langeal joints. Further evaluation within a clinical setti ng is needed to examine the method's
diagnostic utility.

Key Words. Dynamic contrast enhanced MRI; rheumatoid arthritis; quantitative analysis;
voxel-by-voxel analysis.



1. Introduction

Dynamic contrast enhanced MR imag-
ing (DCE-MRI) has evolved as an impor-
tant method for evaluating various dis-
eases of the musculoskeletal system [1,
2]. Temporal changes of signal intensity
during and immediately after bolus in-
jection of contrast agent re
ect underly-
ing changes in local concentration of the
agent. Therefore this technique provides
information about tissue vascularity, per-
fusion and capillary permeability [3].

Advances in MRI acquisition have led
to increasing use of parametric images de-
signed to display physiological features of
tissues in addition to anatomical struc-
ture. DCE-MRI is used extensively in a
wide range of applications involving dif-
ferent organs and pathologies [4{8].

Quantitative analysis of DCE-MRI data
can be performed using two fundamen-
tally di�erent groups of methods: phar-
macokinetic [9{11] and heuristic (also
know as black box (BB) methods) [12{
16]. Pharmacokinetic methods [9{11] pro-
vide a framework that can be used to link
the physics of MRI signal acquisition and
the underlying patho-physiology that gov-
erns contrast agent kinetics. Comparative
analysis of these methods can be found in
[17,18].

Pharmacokinetic methods [9{11] rely on
a common set of assumptions regarding
the properties of principal compartments
and their interactions, but adopt di�er-
ent representation for temporal variations
of contrast agent concentration in blood
plasma (Cp(t)). In [11] Cp(t) in measured
in individual subjects, which makes imple-

mentation of this method in clinical set-
tings di�cult, especially when high spa-
tial resolution and multi-slice coverage are
required [18]. With [9,10] Cp(t) is rep-
resented as a theoretical function in re-
sponse to the chosen form of the input
function (injection), which is often ide-
alised as a delta function [18]. Such repre-
sentation �ts experimental data well when
the temporal resolution of the DCE-MRI
is low and acquisition time long. With
higher resolution the characteristic shape
of contrast agent uptake in the tissue of in-
terest resembles a sigmoid, which cannot
be accurately described by these methods
[17]. Furthermore, long acquisition times
incur more noise as a result of movement
and provoke patient discomfort.

In clinical practise it is impossible to as-
sess the accuracy with which pharmacoki-
netic variables re
ect the true underlying
changes in concentration of the contrast
agent [4]. The accuracy of the estimates
will depend on the pharmacokinetic model
used and the signal to noise ratio in any
individual case. This is a particular prob-
lem with applications where noise is the
dominant, or only, cause of variation of
contrast agent concentration [4].

Alternatively, contrast enhancement
can be quanti�ed in terms of heuristic BB
parameters such as maximum rate of en-
hancement (ME ), initial rate of enhance-
ment (IRE ), and time of onset of en-
hancement (Tonset). In contrast to phar-
macokinetic parameters, heuristic estima-
tion is relatively straightforward. Most
such analysis hitherto has examined indi-
vidual signal intensity curves derived from
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user de�ned regions of interest (ROI anal-
ysis), and is reliant on user positioning
of the ROI: misplacement might result
in 20 � 30% di�erence in measurements
[19,20]. This implies poor reproducibility
of the techniques which describe the shape
of the enhancement curves [4].

Acknowledging these limitations, we
propose here an alternative approach to
voxel-by-voxel analysis which overcomes
problems associated with heuristic meth-
ods currently used for DCE-MRI data as-
sessment. We use an existing method [16],
which �rst attempted to perform objective
heuristic analysis, as our starting point
and comparator. We do not suggest that
this is a gold standard approach; however
this is the most relevant work (reviewed in
Section 2.2). Furthermore, we propose a
robust classi�cation scheme of tissue be-
haviour according to the temporal pat-
tern of contrast agent uptake, which might
be useful for guiding data acquisition and
contrast agent dose estimation.

Furthermore, both pharmacokinetic
and heuristic approaches assume that all
signal changes at each voxel can be at-
tributed to contrast leakage. However, pa-
tient movement can introduce artefactual
enhancement with implications to the ex-
tracted measurements. A second objec-
tive of this work is to demonstrate the
value of pre-processing techniques which
compensate for patient movement and
therefore minimise this.

Therefore, in this paper we �rstly re-
view an existing method for DCE-MRI
data analysis (Section 2.2), list its limi-
tations and then in Section 2.3 propose a

new technique. The results produced by
these methods on a pilot study of 10 DCE-
MRI datasets of the metacarpophalangeal
(MCP) joints are compared and analysed
in Section 4. Conclusions are presented in
Section 5.

2. Materials and Methods

2.1. Data acquisition
Images involved in this application

are acquired from patients with active
rheumatoid arthritis (RA) on a 1.5T
MRI scanner (Gyroscan ACS NT, Phillips
Medical Systems, Best, The Netherlands),
using a 3D T1 weighted spoiled gradient
echo sequence: Repetition Time / Echo
Time / Flip Angle = 14 =3:8=400; Field
of View = 100mm, 6 slices, 3mm slice
thickness, 20 dynamic scans at 7.1 seconds
intervals with 128 � 256 image matrix.
The total scanning time was 142 seconds
(20 time instances). A single DCE-MRI
dataset consists of 20 sets of 6� 128� 256
volumes.

Patients were positioned prone, with
arm extended in front of the head and a
linear circular 11cm diameter surface coil
placed on the dorsum of the hand. An
illustration of the positioning of the imag-
ing volume is presented in Figure 1, where
the lines indicate the positions of trans-
verse slices [16].

The imaging volume encompasses four
(2nd � 5th ) metacarpophalangeals. The
boundaries of bone cross-sections are
rigid, each being surrounded by carti-
lage, blood vessels and muscle. Such
cross-sections (which include both corti-
cal and trabecular bone as well as mar-
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row) will hereafter habitually be referred
to as `bones'. Figure 2 illustrates baseline
and post-contrast MR images.

The agent used for this application is a
gadolinium diethylene triamine pentacetic
acid (Gd-DTPA), a paramagnetic extra-
cellular contrast agent that selectively al-
ters MRI signal intensity throughout its
distribution volume (blood plasma and ex-
tracellular 
uid). Physiological variables
that determine tissue micro-circulation
have a direct in
uence on the resulting lo-
cal bulk tissue concentration of Gd-DTPA
following intravenous administration.

Gd-DTPA induces selective enhance-
ment of signal intensity in well perfused
tissues and where capillary walls allow
contrast extravasations. In
amed syn-
ovium will enhance signi�cantly, as will
blood vessels (see Figure 2). Surround-
ing muscle will exhibit a low degree of en-
hancement while cortical bone and carti-
lage will experience no enhancement.

2.2. Moving-window based method
A semi-automated approach for DCE-

MRI data analysis introduced in [16] uses
the commercially available software ANA-

Figure 1. Positioning of the imaging vol-
ume; taken with permission from [16].

Figure 2. Pre- and post-contrast images
of the MCP joints.

LYZE [21] for manual segmentation, with-
out temporal registration. Signal intensity
vs. time curves (SI) are normalised over
a mean baseline computed from the �rst
three values, and their geometrical prop-
erties such as height and slope are consid-
ered. The normalised signal is:

b=
3X

t=1

I (t)
3

; Î (t) =
I (t)

b
; t = 1 : : : 20

Initial rate of enhancement is estimated
by passing an averaging window of length
5 over the signal and determining the gra-
dient of the linear best �t in each window.
The maximum such gradient is taken as
IRE , and the instant at which this occurs
recorded asTonset . ME is found as a max-
imum of mean intensity values calculated
in each window.

Parametric maps (PMs) are then assem-
bled. These are 2D images depicting the
heuristics; a 2D representation of a chosen
property of interest (ME or IRE ) derived
from 20 images on a voxel-by-voxel basis.
Further, voxels at which Tonset > 60s or
ME < 1:2 are regarded as unlikely to be
of clinical interest since either the take-up
has not been appreciable or the behaviour
is outside the expected time interval. This
permits the measurement ofN total { the
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total number of enhancing voxels.
This method enables partially auto-

mated computation of the variables, but
has some drawbacks and limitations.

� There is scope for more use of pre-
processing. Data extraction can be
complicated by slight movements of
the patient during data capture, ne-
cessitating registration of the im-
ages/volumes.

� Since no enhancement is expected
in bone interiors or joints exterior,
these areas should be segmented out
to ensure that processing concen-
trates only on areas in which disease
may be detected and quanti�ed.

� Blood vessels enhance signi�cantly,
and appear prominently in PMs as
well as in
amed synovium. Thus, it
is desirable to remove these vessels
from analysis. Intensities of vessels
are similar to that of enhanced syn-
ovium, so simple thresholding tech-
niques would not be su�cient.

� More precise parameters may be de-
rived. For example, the estimated
Tonset corresponds to the time at
which intensity is increasing fastest,
and is clearly larger than the actual
time of onset of enhancement. (This
estimate is trivial to improve given
this time and the gradient IRE ).

� There is often a proportion of curves
in which the maximal intensity has
not been reached, indicating con-
stant leakage into locally available

extra-cellular space. Existing meth-
ods do not allow identi�cation of tis-
sues at which signal intensity did not
peak during the acquisition of DCE-
MRI data, which might lead to inac-
curate estimation of BB parameters
such asME and IRE .

� These issues may combine to make
estimation of the total number of
enhancing voxels (N total ) inaccurate.
This important parameter is gen-
erally used to assess the extent of
RA and needed to be estimated cor-
rectly.

2.3. New method for DCE-MRI
data analysis

We aim to allow fully automated ex-
traction of BB parameters via robust pre-
processing methods and a new technique
for classi�cation of temporal patterns of
contrast agent uptake, making full use
of all available dynamic frames of the
datasets.

2.3.1. Registration
The motivation for registration is to

compensate for enhancement attributable
to patient motion. Registration of
DCE-MRI datasets is a challenging task
[22]: early methods [23,24] described mo-
tion using rigid transformations that at-
tempted to minimise the variance ratio be-
tween a pair of images. Algorithms calcu-
lated the ratio of one image to the other
on a pixel-by-pixel basis and then itera-
tively moved images relative to one an-
other to minimise the variance of this ra-
tio. This is not e�cient for motion correc-
tion in soft tissues surrounding rigid struc-



6

tures. Recently, motion in DCE-MRI data
was modelled using optical 
ow and a�ne
transformation [25{27]. However, stan-
dard optical 
ow techniques rely on the
assumption that the intensity of the tar-
get and source images remains constant,
while positions of objects in the target im-
age change. This assumption is inapplica-
ble in DCE-MRI datasets.

We found that observed joint motion
consists of small rotations and transla-
tions, explained by the data being ac-
quired from patients severely a�ected by
rheumatoid arthritis, which can cause the
hand to shiver. We do not expect to ob-
serve change in scale or skewing of the
joints as only intra-subject registration is
required. Alignment of images is com-
plicated by the non-uniformity of motion
across various regions of the imaged joints.
This was the basis for choosing a locally
a�ne based approach for motion correc-
tion.

Contrast enhancement introduces new
information into images of a dynamic se-
ries, so registration cost-functions that
depend on information content are con-
founded by the appearance changes both
in contrast and shape of tissues, leading
to erroneous registrations. Local inten-
sity changes in areas a�ected by disease
do not allow us to apply standard regis-
tration schemes such as [28] and we need
to �nd an e�cient approach to deal with
contrast and intensity changes.

To align images in DCE-MRI datasets
we adapted an e�cient registration
scheme described in [29]. This is an in-
tensity based algorithm in which transfor-

mations are modelled as being a�ne. In-
tensity variations are explicitly modelled
with local changes in brightness and con-
trast [30]. Geometric and intensity pa-
rameters are estimated simultaneously for
each pixel location, and a global smooth-
ness constraint [31,32] is imposed on the
geometric, contrast and brightness param-
eters, using minimum square error on in-
tensity values as an error function. The
entire procedure is built upon a di�eren-
tial multiscale framework [33], that per-
mits the capture of both large- and small-
scale transformations.

The algorithm has been presented
in [29], where expectation-maximisation
(EM) techniques enable it to deal with
occlusions and missing data. The au-
thors admit that the technique is sensitive
to initial parameters and computationally
expensive (a Matlab/C implementation of
the algorithm requires approximately 8-
9 minutes to register two 256� 256 im-
ages on 2.8 GHz Linux machine) and can-
not handle a large range of distortions
[34]. We have simpli�ed and optimised
the algorithm for e�cient application to
our data. Firstly, we eliminated the EM
step; this means that the algorithm is not
able to deal with partial data, however
computational time has been signi�cantly
reduced. Our current Matlab implemen-
tation requires 6-8 seconds to register two
256� 256 images and 4-5 minutes for two
256� 256� 6 volumes on a 2.79 GHz Win-
dows machine with 1GB memory. Sec-
ondly, we extended the publicly available
2D version of the algorithm to perform on
3D volumes.
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Compensation for this motion results
in signi�cant improvement of the position
of blood vessels, bone interiors, skin, and
(importantly) synovial tissues. Precise
location of disease a�ected tissues con-
tributes to the data �delity for diagnosis
of the disease.

2.3.2. Segmentation
To analyse datasets e�ciently, bone in-

teriors are �rst excluded: the data are
complicated by partial volume e�ects and
contrast-intensity variations due to the
presence of the contrast agent. There is
inter- and intra-patient variance of these
signal intensities for the same tissue mak-
ing it necessary to design adaptive signal
processing algorithms which are robust for
this wide range of variance in the data.

An automatic algorithm for accurate
segmentation of bone interiors from these
data has been presented in [35]. It
combines heuristics about the general
anatomy of the MCP joints with image
processing and pattern recognition tech-
niques, and is designed automatically to
detect rigid boundaries of bone structures.
It is a two-step procedure, which brings
together optimisation, signal processing
and statistical and morphological image
analysis. Firstly, we detect regions which
represent bone interiors [36], and then re-
�ne the boundaries of the regions using
a novel adaptive segmentation technique
[35].

2.3.3. Classi�cation of tissue be-
haviour

SI curves may be described by underly-
ing phases of the data acquisition. Start-

ing from a baseline, perfused tissues ab-
sorb the contrast agent, and their inten-
sity climbs from around the 5th time in-
stant (35.5s), usually to around the 7th -
15th instant (corresponding to 50s-106s).
The curves may exhibit a plateau (of vari-
able width) followed by a wash-out phase
(gradual SI decrease). A sample curve and
the durations of di�erent phases of con-
trast enhancement are displayed in Fig-
ure 3, where� 1 is a baseline,� 2 { increase
or wash-in, � 3 { plateau, and � 4 { wash-
out periods; angles� 1 and � 2 represent
the rates of wash-in and wash-out, respec-
tively. Some restrictions on the relation-
ship between these parameters of the SI
curves may be derived:

� 1 > 0; � 2 > 0; � 3 � 0; � 4 � 0;

� 1 2 (0; �= 2); � 2 2 (� �= 2; �= 2) (1)

We are implying a piecewise linear ap-
proximation of the SI curve. Certainly
a linear approximation is no inferior to
more sophisticated models (e.g., a sigmoid
curve) which it might resemble. Given
this, SI curves satisfying these restrictions
will resemble one of the shapes shown in
Figure 4:

S1 : Negligible enhancement. Voxels at
which little enhancement can be de-
tected (such as bone interiors).

S2, S4, and S5 : Base/climb. Vox-
els which clearly enhance but do
not reach their maximum intensity
within 20 recorded instants (142s).

S3 : Base/climb/plateau. Voxels at which
the maximum is reached and an in-
tensity plateau develops.
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Figure 3. SI curve corresponding to theT1 { T20 time instants; t1, t2, t3 indicate respec-
tively the onset of wash-in, the plateau, and wash-out phases.
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Figure 4. Possible shapes of the SI curves:
S1, S2, S3, S4, S4, S5, S5.

S4, S5 : Base/climb/ f plateaug/decline.
Voxels at which the Gd-DTPA has
dissipated and intensity has de-
tectably started to drop.

S4 is not normally observed: here, while
a change in the rate of increase is plausi-
ble, a signi�cant plateau during increase
is not. Experiments reveal that any ob-
servation of this model has a very short
plateau (� 3 time instants) equally well
attributed to noise. We henceforward as-

sume that all SI curves can be modelled
by one of the shapes proposed in Figure 4
excluding this case.

We use knowledge of the underlying
temporal pattern of the Gd-DTPA take-
up to classify the Î signals, as an aid to
noise reduction. This should permit im-
proved accuracy in the estimates of BB
variables, which will be extracted from the
parameters of the �tted model rather than
from the raw signals.

2.3.4. Noise model estimation
We seek an estimate of the distribu-

tion of the noise through which models
will be �tted to data. It is assumed that
Gd-DTPA take-up in the tissues identi�ed
as within the bone interiors is negligible;
therefore, signals corresponding to these
voxels may be approximated by a con-
stant (the local signal mean), with vari-
ations being explicit noise measurements.
It is also assumed that images acquired
at T1 � T3 are una�ected by any enhance-
ment, and therefore these values may also
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be approximated by a constant, permit-
ting a di�erent measurement of noise.

It may be argued that the noise level
is expected to be lower in the �rst few
images, where patient movement and Gd-
DTPA in
uence are insigni�cant. This
would suggest deviations from theT1 � T3

baseline as the best approach. We have
compared the distributions from these two
sources using a Kolmogorov-Smirnov (KS)
test1[37] and it con�rms that we are se-
cure in accepting them to be indistin-
guishable. Accordingly, we model noise as
an aggregate of that detected from these
two sources. Further discussion about the
noise model is given in Section 3.1.

2.3.5. Determining best model �t
We �t each of the models illustrated

in Figure 4 to Î . For each model the
piecewise linear best �t is determined in a
least-squares sense (minimising also with
respect to t1; t2; t3); each such `�t' then
implies 20 noise measurements. We then
compute the KS statistic for each model
and the estimated noise distribution, re-
jecting those in which we would have low
con�dence. Note that we are interested
in matching noise distribution and not
minimising noise observation; the latter
would always preclude the simpler mod-
els such asS2; S3 in favour of S4. In the
event of more than one model being ac-
ceptable, the asymptotic statistic known

1A parameter independent test of goodness of �t,
which makes no assumption about the distribu-
tion of data. Appropriate tables allow suitable
conclusions of con�dence to be drawn from the
observation.

as Kuiper's coe�cient of associations2 is
derived from the test. This permits choice
of a single best �t model for each voxel.

Experimenting with this approach,
most Î are �tted best by models S3, S4

and S5, as expected. Clearly, some voxels
potentially �t more than one model, and
it is of interest to determine how often am-
biguity arises. Experiments [38] show that
the modal observation is one model, giv-
ing enhanced con�dence in the judgement,
but many voxels also satisfy two, while
some can be satisfactorily approximated
by more. This raises questions about the
likely quality of the second (or third) best
�t, and whether the chosen model best �ts
actual data behaviour.

We can signi�cantly reduce these am-
biguities by a simpli�cation to four broad
behaviours [39], which we will label and
de�ne as:

M0 : No enhancement (S1). Where recog-
nised, we will not colour such voxels
in future representations.

M1 : Base/climb (S2; S5). We will colour
these red.

M2 : Base/climb/plateau (S3). We will
colour these green.

M3 : Base/climb/ f plateaug/decline
(S4; S5). We will colour these blue.

2.3.6. Median �ltering
The behaviour ofÎ need not be consid-

ered in isolation. It is reasonable to sup-
2Kuiper's coe�cient measures maximum absolute
di�erence between the cumulative functions of the
distributions; the error distribution with lower
absolute di�erence is preferred.
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pose that neighbouring tissue will behave
in a similar way, but our experiments sug-
gests signi�cant very local variability. Ar-
guing that the modelsM1; M2; M3 repre-
sent `ordered' behaviour, we have passed a
selective median �lter over the labels. The
selectivity is that only voxels labelled 1, 2
or 3 are computed in the median.

This results in a relabelling of some vox-
els { of the order of 20%{30% of those
within the perimeter of the joints exclud-
ing bone interiors. We now adopt at these
voxels the best �t of the model just im-
posed. Since these are no longer in our
original sense `best �ts' we will have in-
curred di�erent error residuals { we �nd
that in the majority of cases the model is
changed to the second best as indicated by
Kuiper's coe�cient, suggesting that the
noise distribution will not be perturbed
radically.

We have considered the aggregate `new'
noise distribution of such and compared
it to the adopted error model. The KS
statistic allows us to deduce that its dis-
tribution is indistinguishable from that of
the model to which we are working.

After �ltering, the colours show dis-
tinguishable clusters (Figures 8 and 9).
There is a clinical plausibility to the pat-
terns we see illustrated: blue { wash-out
phase, green { plateau, red { continuing
to absorb. In particular, it is possible to
observe that blood vessels are blue, an ex-
pected behaviour. An a�ected area is split
into several clusters of blue and green, and
some areas are coloured red, which allows
identi�cation of tissues at which signal in-
tensity did not peak during the acquisi-

tion of DCE-MRI data. This image allows
assessment of the Gd-DTPA kinetics and
possibly control of the contrast agent dose
and/or timing of the medical procedure.

Figure 5. Estimation of BB parameters
for each approximation model: M0{ M3.
ME has not been reached for modelM1.

2.3.7. Computing BB parameters
It is straightforward to extract esti-

mates of the BB variablesME , IRE and
Tonset from the best model rather than
from the raw data: Figure 5 illustrates
this. Note that t1 of Figure 5 is inter-
preted as actual time of onset of enhance-
ment, and there will be di�erences in these
measurements when comparing with the
existing technique. These are discussed in
Section 3.2.ME has not been reached for
model M1.

3. Discussion

3.1. The noise model
In Section 2.3.4 we referred to two dif-

ferent sources of noise that we can mea-
sure explicitly: N1 derived from the �rst
3 time instants, andN2 from the bone in-
teriors over all time instants. We argued
that their distributions for our purposes
are indistinguishable, and that we can ag-
gregate them. If we experiment with the
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Table 1
Relative label populations using di�erent noise models (Images can be found in [38]).

Model N1 noise N2 noise N1
S

N2

M0 1194 (12%) 1152 (12%) 1166 (13%)

M1 51 (2%) 42 (1%) 48 (1%)

M2 5588 (60%) 5584 (60%) 5583 (59%)

M3 2459 (26%) 2514 (27%) 2495 (27%)

models separately (N1, N2 or N1
S

N2) we
�nd that regardless of model, the relative
population of the labels (M0{ M4) is pre-
served. Table 1 illustrates the results for
a sample DCE-MRI dynamic frame.

It is not immediately clear that noise
characteristics will remain unchanged dur-
ing the procedure. We have considered the
noise distribution across allTi during the
intensity increases; theKS test suggests
that the distribution of these errors is not
distinguishable from the model we have
constructed. Illustration of this procedure
can be found in [38].

3.2. Tonset

Time of onset of enhancement derived
using the moving window algorithm is
trivially adjusted to estimate the actual
onset time. Our method provides an alter-
native approach (t1 of Figure 5). We anal-
ysed Tonset for several studies with both
approaches. In the majority of cases these
estimates di�er in magnitude by at most
1 and so there is arguably no di�erence,
but there are still many cases in which
the di�erence is appreciable (around 20%
of locations of interest). On inspection,
most of these represent instances in which
our modelling generates a better interpre-

tation of Î , and our estimate ofTonset is
more reliable.

This experiment has been performed on
several randomly selected temporal slices.
In 90% of cases the estimate provided by
the new approach is preferable to that of
the existing; in the remaining cases, it is
unclear which is best. Examples may be
found in [38]. We are con�dent that, on
balance, the estimate provided by the new
method corresponds better to the actual
time of onset of intensities.

3.3. N total

Parameters such as the percentage of
enhancing voxels are used to assess the
extent of RA and tracking disease pro-
gression. Hitherto, this judgement has
been made via criteria such as requiring
ME > 1:2 and Tonset < 60s. Our ap-
proach permits an improved measure: we
label as `non-enhancing' any voxel which
assumes the labelM0. Furthermore, we
are able to identify tissues where we ob-
serve Gd-DTPA absorption to be com-
plete, providing an indicator of the pro-
cedure's success.

Table 2 shows the number of enhanc-
ing voxels (N total ) normalised to the total
number of voxels processed in the dynamic
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Table 2
Proportion of enhancing voxels { mov-
ing window (MW) and new approaches.
Column 2 includes the percentage of vox-
els corresponding to locations where we
observe incomplete Gd-DTPA absorption
(model M1).

Study New MW

1 0.58(22%) 0.68

2 0.59(6%) 0.63

3 0.42(10%) 0.51

4 0.39(13%) 0.57

5 0.39(2%) 0.57

6 0.54(7%) 0.68

7 0.64(7%) 0.65

8 0.34(7%) 0.44

8 0.46(7%) 0.58

9 0.59(7%) 0.67

10 0.39(7%) 0.48

frame (that is, voxels within the joints in-
terior) for a selection of DCE-MRI studies.
Due to the minimised artefactual enhance-
ment, there is a clear qualitative di�erence
in these numbers.

3.4. 2D vs. 3D registration
We have computed a range of values

of registration parameters obtained for in-
slice and in-study motion correction. Fig-
ure 3.4 shows the range of values esti-
mated for various transformation parame-
ters for 2D and 3D registration. We have
randomly chosen transformation matrices
corresponding to 200 volumes from vari-
ous DCE-MRI studies.

The range of translation and rotation
parameters estimated with 2D algorithm
is: x-axis translations [-2; 0.5], y-axis
translation [-0.3; 5], and rotations [-0.11;
0.12]. With 3D registration translations
around x, y, and z are in the range [-5; 5],
[-5.2; 1], and [-0.3; 0.2], respectively; rota-
tions around x, y, and z are in the range
[-0.2; 0.2], [-0.2; 0.2], and [-0.07; 0.1].

To evaluate performance of the registra-
tion algorithm, we computed the ratio of
mutual overlap of rigid bone interiors in
100 2D images and 100 3D volumes before
and after registration. If images were reg-
istered perfectly, the position of the bone
interiors in them should be the same and
the ratio should be 1. Figure 7 illustrates
the results. Before registration, overlap

Figure 7. Mutual overlap between source
and target without registration, after 2D
and 3D registration is applied.

was on average 0.74 (minimum 0.53), in-
dicating the presence of motion in the
joints. Some error can be attributed to
observer inconsistency. Application of the
registration algorithm increases the over-
lap, which became on average 0.8 and 0.89
after basic 2D and 3D registration schemes
were applied.

This experiment further illustrates that
that basic 3D registration is more e�cient
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Figure 6. Range of parameters estimated with 2D and 3D registration. From the left:
translations around x, y-axis, and rotations estimated with 2D algorithm; translations
around x, y, z-axis, rotations estimated with 3D algorithm.

than 2D, due to its ability to recover in-
study rotation and translations.

4. Results

4.1. Parametric maps
A total of ten DCE-MRI studies of the

MCP joints have been analysed on a voxel-
by-voxel basis using the moving-window
based and new approaches. All images
are acquired from patients with active
RA (scored according to the OMERACT
RAMRIS [40] evaluation standard for syn-
ovitis, bone marrow edema and erosions).
Parameters ME , IRE , Tonset and N total

have been measured, and PMs ofME and
IRE were built for 60 slices. Figures 8 and
9 illustrate PMs for two dynamic frames
from di�erent studies obtained with both
approaches. The colour coding here con-
sidersME and plots lower values in red,
moving to yellow then white as values in-
crease. In PMs ofIRE the rate of increase
of Î per minute is coded using the same
colour scheme.

Studies chosen exhibit signi�cant pa-
tient movement, and the e�ect of registra-
tion to compensate for this is clear. Due to
reduction of the artefactual enhancement
PMs obtained with the new method are
visibly smoother and permit easier di�er-
entiation of tissues of interest. The new

method ignores morêI curves of inappro-
priate shape, and provides sharper shapes
of bone contours, blood vessels.

We note that skin enhancement in the
PM has been reduced, and blood vessels
partly ignored in the map obtained with
the moving window method are in clear
evidence. This will allow for their identi-
�cation and future elimination. The new
technique delivers sharper images, di�er-
entiating diverse structures (clearer shape
of the bone contours, blood vessels, and
in
amed synovium).

Another bene�t of the classi�cation
scheme and linear modelling is a possibil-
ity of extraction from Î a range of related
parameters, such as `time to reach 90% of
ME '. It will be clear that the approach
presented here makes estimates of param-
eters of this type very straightforward.

Lastly, we note that in some studies
the di�erence in the parametric maps ob-
tained by di�erent algorithms is not dra-
matic, in others it is more signi�cant. We
observe a di�erence in the number of en-
hancing voxels { this indicates that the
method is sensitive enough to re
ect even
minor changes in patient condition and
therefore might be useful in follow-up ex-
aminations.

The method provides a quantitative as
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well as qualitative evaluation of RA pro-
gression. Visual assessment of the results
via parametric maps allows location of
areas of the most enhancement, whereas
quantitative assessment of the degree of
in
ammation permits research and clini-
cal judgements to proceed.

4.2. Codings of Gd-DTPA take-up
Figures 8 and 9 illustrates classi�ca-

tion maps of tissue behaviour built ac-
cording to their temporal pattern of con-
trast agent uptake. Here we present Gd-
DTPA maps for two sample DCE-MRI
dynamic frames; more examples can be
found in [38]. Blood vessels usually as-
sume M3, indicating the presence of the
wash-out phase. Curves corresponding to
in
amed synovium are normally classi�ed
asM2 or M3, indicating a plateau of inten-
sity and full absorption of the Gd-DTPA.
However, some require the modelM1, sug-
gesting continuous Gd-DTPA up-take af-
ter the data acquisition is completed. In-
formation of this nature may clearly be
of use in tuning the procedure, and in in-
forming more reliable estimates of the BB
parameters.

5. Conclusion

An automated method for quantitative
and qualitative analysis of contrast en-
hanced dynamic MRI datasets involved
in monitoring of assessment of RA has
been presented. It employs segmenta-
tion and registration algorithms that com-
pensate for patient movement and con-
tribute to data �delity and a modelling
technique that permits e�cient and ro-

bust computation of heuristics describing
the shape of signal intensity curves. Cur-
rently, we perform data analysis using the
segmentation-registration step as a pre-
process to contrast modelling. However,
incorporating BB modelling into the clas-
si�er of the registration method might im-
prove the e�ciency of the approach3.

We do not seek to duplicate or bet-
ter pharmacokinetic methods, but in-
stead present an e�cient approach that
would allow enhancement or substitu-
tion of methods such as visual assess-
ment of RA or ROI approaches, that are
widely used for DCE-MRI data assess-
ment. Comparison with established phar-
macokinetic methods, however, would be
bene�cial and future work will focus on
seeking correlation between pharmacoki-
netic variables and BB heuristics.

Heuristics are derived from linear ap-
proximations rather than from raw signal
intensity curves, making their estimation
robust to subjective opinion of the oper-
ator and noise e�ects. The choice of the
`best' model for each voxel allows for accu-
rate tissue classi�cation. Segmentation of
identi�able features such as bone bound-
aries has been demonstrated, and further
identi�cation of, e.g., vessels we have in
hand.

Our automated approach to extraction
of heuristics and PMs permits easier vi-
sual assessment of the degree of in
am-
mation in RA patients, which allow for
more accurate analysis of the magnitude
and spread of the disease and di�erentia-

3We thank our reviewer for this interesting sug-
gestion.
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tion of various tissues. Our implementa-
tion is an order of magnitude faster than
compartmental analysis, without the ben-
e�t of using e�cient languages or any
optimisation. Moreover, indications of
Gd-DTPA take-up, hitherto unavailable,
provide an improved identi�cation of tis-
sue behaviour according to their temporal
pattern of contrast agent uptake.

The reproducibility of the results ob-
tained with this approach is clear, and re-
sults obtained would be objective as no
subjective opinion is involved in the as-
sessment. In this article we have pre-
sented results obtained on a pilot study
and demonstrate the potential of the ap-
proach. Work in hand has reproduced
this potential on di�erent data from dif-
ferent equipment: datasets acquired with
low and high �eld scanners from various
joints and using various pulse sequences.

We are convinced that the approach
should be useful in similar 4D imaging
applications in which expectations of tis-
sue behaviour lend themselves to signal-
intensity modelling, permitting better
identi�cation of areas on which to con-
centrate or to disregard. These results
have been developed in co-operation with
experienced observers4; further evaluation
within a clinical setting is needed to exam-
ine the impact of these improvements on
diagnostic utility of the proposed method.
We are con�dent that the approach we
present here has scope for further devel-
opment.

4Leeds General In�rmary
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Figure 8. Dynamic frame with small amount of motion analysedwith the moving window
and proposed approaches. Top row: post-contrast image, PMsof ME and IRE obtained
with the moving-window approach; Bottom row: Gd-DTPA take-up map, PMs of ME
and IRE obtained with the new approach.

Figure 9. Dynamic frame with signi�cant motion analysed with the moving window and
proposed approaches. Top row: post-contrast image, PMs ofME and IRE obtained
with the moving-window approach; Bottom row: Gd-DTPA take-up map, PMs of ME
and IRE obtained with the new approach.
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