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Abstract
The effects of temporal sampling on the previously published three-time-point (3TP) method are compared with those of a Tofts–Kety
model using an arterial input function from the alternating minimization with model (AMM) method. Computer simulations are done to
estimate the expected error in both the 3TP and Tofts–Kety models as a function of the temporal sampling rate of the data. The error in the
3TP model parameters remained essentially constant with respect to temporal sampling. The Tofts–Kety model showed a linear increase in
parameter error with respect to temporal sampling. Both analysis methods were also applied to 87 clinically acquired breast scans. These
scans were downsampled in time by a factor of 2 and 4, and the methods were reapplied. The spatial resolution was held constant throughout
this study. At temporal resolutions less than 19.4 s, the Tofts–Kety model outperformed the 3TP model using receiver operating characteristic
curve analysis (area under the ROC curve [AUC] of 0.94 compared to 0.91). As the temporal sampling rate decreased, the 3TP model
outperformed the Tofts–Kety model (AUC of 0.89 versus 0.85). When the temporal sampling rate of the data was less than 20 s, the Tofts–
Kety model with the AMM method had lower parameter error than the 3TP method.
© 2012 Elsevier Inc. All rights reserved.
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1. Introduction
Dynamic contrast-enhanced magnetic resonance imaging
(DCE-MRI) is a physiological imaging tool that has been used
to complement established diagnostic methods in evaluating
breast lesions. DCE-MRI has been shown to provide high
sensitivity and moderate speciﬁcity in detecting breast cancer
(see reviews in Refs. [1,2]). In addition, changes in tumor
volume as measured with DCE-MRI have been shown to
correlate well with response to chemotherapy [3,4].
Many methods for analyzing DCE-MRI data have been
proposed. These methods include qualitative assessment of
morphological features, semiquantitative parameters such as
signal enhancement, contrast wash-in and wash-out rates,
and quantitative pharmacokinetic modeling (see references
in Ref. [2]). In addition, more recent analysis techniques
such as fuzzy c-means clustering [5], principal component
analysis [6] and textural kinetics [7] have been proposed for
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automatic identiﬁcation of breast lesions. Selecting an
optimal analysis method remains an open question. This
work focuses on two more commonly used techniques for
classifying lesions with DCE-MRI: the semiquantitative
three-time-point (3TP) method [3,6,8–14] and the quantitative extended Tofts–Kety (ETK) two-compartment model
[15–18].
One issue for analyses using the ETK model with breast
DCE-MRI involves the accurate acquisition of the arterial
input function (AIF). Automatic detection techniques have
been proposed for selecting the AIF from the breast DCEMRI data [19]. However, due to the relatively small size of
the axillary and internal mammary arteries, the measurements may suffer from partial volume effects [20]. Direct
measurement of the AIF from the cardiac blood pool is
another possibility but requires use of an extended ﬁeld of
view, potentially compromising spatial and/or temporal
resolution. Furthermore, there is growing evidence that
tumor blood supply may be substantially different from that
of surrounding normal tissues [21,22]. Population-average
input functions have also been proposed [18,23], though
these are necessarily limited in their response to interpatient
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variation. Other work has been performed using reference
regions to estimate model parameters [24–26], which
remove the need for an AIF. This work employs a blind
estimation method for determining a parameterized AIF
directly from measured tissue enhancement curves
[22,27,28]. The blind AIF estimation can be done at an
arbitrarily high sampling rate, alleviating some of the
constraints inherent in quantitative modeling.
The question of whether to use a semiquantitative model,
like the 3TP method, or a quantitative model, such as the
ETK method, is highly inﬂuenced by the temporal sampling
rate of images being acquired. Images with high spatial
resolution are well suited for qualitative assessment of areas
with contrast uptake and washout and are often used to
segment breast lesions into ﬁne heterogeneous structures.
Quantitative analyses, on the other hand, are generally more
sensitive to temporal sampling rate than the semiquantitative
methods. These quantitative methods ﬁt mathematical
models to measured data, and rapid sampling of the data is
required for good model ﬁdelity. As mentioned above,
quantiﬁcation of tissue kinetics with the ETK model requires
an AIF. In general, the AIF varies more rapidly in time than
tissue curves, and the limits on temporal sampling are driven
by the AIF. The rate at which the AIF and tissue curves
should be sampled is an area of active research and depends
on the particular model implementation chosen as well as the
tissue physiology [17,29–31]. Recent work by both Planey
et al. and Heisen et al. has focused mainly on reference
region techniques using the so-called ‘standard’ Tofts model,
which does not explicitly account for the plasma volume
fraction within the tissue [17,30,31]. These methods estimate
the error in the model parameters as a function of the
temporal sampling rate of the DCE-MRI data. In comparison, previous work by Henderson et al. [29] focuses on
simulations to show the effects of the temporal sampling rate
with the plasma volume fraction included in the model, as
well as with a more conventionally sampled AIF.
This work aims to compare the quantitative ETK analysis
method to the more commonly used 3TP semiquantitative
analysis at different temporal sampling rates. The alternating
minimization with model (AMM) algorithm is used to
estimate the AIF for analysis with the ETK method [27].
Computer simulations are used to investigate the ability of the
ETK model to accurately return pharmacokinetic parameters
at various temporal resolutions. The blind estimation
implementations are done at 1-s temporal resolution,
consistent with the recommendations of Henderson et al.
[29]. These simulations also test the ability of the 3TP model
to accurately return semiquantitative parameters at various
temporal sampling rates. Both the ETK and 3TP models are
applied to previously acquired breast DCE-MRI data in which
pathology results are known. The ability of the respective
methods to distinguish benign and malignant breast lesions, as
measured by the area under the receiver operator characteristic
(ROC) curve (AUC), are determined as a function of the
temporal sampling rate of the acquired data.
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2. Methods
2.1. 3TP method
The 3TP method [8,11,13,14], which is based on the
standard Tofts–Kety model with no volume plasma fraction,
is a parametric description of individual tissue curves that
assigns each voxel in the image a color (red, green or blue)
and color intensity. Three samples or time points from each
time curve are considered. The time points used here are one
time point precontrast, one 2 min following contrast injection
and one 6 min following contrast injection. The intensity of
the color of each voxel is directly related to the relative
change in signal intensity between the ﬁrst and second time
points, and reﬂects the rate at which the contrast agent is
initially taken up into the voxel. The color of each voxel is
related to the relative change in signal intensity between the
second and third time points. Voxels with at least a 10%
increase in signal enhancement are colored blue, voxels
whose signal enhancement changes by less than 10% are
green, and voxels with a 10% or greater decrease in signal
enhancement are colored red. A calibration map is used to
ensure consistency across images [11,14]. 3TP analysis is
typically done with data acquired with a 1–2-min temporal
sampling rate [8,12,13].
2.2. ETK model
The ETK model is a compartmental model that describes
the tissues being imaged as a mixture of two compartments
(one blood, one tissue) into and out of which the contrast
agent can ﬂow. Mathematically, the ETK model is given as:
Ct ðt Þ = K trans Cp ðt Þ  e − kep t + vp Cp ðt Þ;

ð1Þ

where K trans is the transfer rate constant, kep is the washout
constant, vp is the volume fraction of blood plasma, ⊗
represents convolution, Cp(t) refers to the contrast concentration in the blood plasma and Ct(t) refers to an individual
concentration time curve. A separate parameter, ve, represents the extracellular volume fraction and is equal to the
quotient of K trans and kep (derivation of this model and
explanation of standardized parameters given in Ref. [32]).
Fitting the model given in Eq. (1) to the measured tissue
concentration curves requires knowledge of the Cp(t) time
course, also known as the AIF. In this work, the AMM
method was used to estimate the AIF directly from the
simulated or measured tissue concentration curves [27].
Brieﬂy, the AMM method takes a set of tissue concentration
curves from a region of enhancing tissue in a DCE-MRI
experiment and deﬁnes an objective function:
Y
Y
R = jjCt ðt Þ − HCp ðt Þj j;

ð2Þ

where Ct(t) is a matrix of N tissue activity curves, H is a
Toeplitz matrix describing the discrete convolution in the
ETK model and Cp(t) is the AIF. This function is minimized
by alternately reﬁning the estimates for the model parameters
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in H and the AIF estimate. A functional representation of the
AIF, consisting of three gamma-variate curves and a sigmoid
curve, is used to reduce the number of parameters to be
estimated as well as to reduce the impact of measurement
noise on the estimation.
2.3. Temporal resolution simulations
Computer simulations were done to assess the effect of
temporal resolution on both the ETK and 3TP models. The
increased spatial resolution possible with lower temporal
sampling rates was not addressed in this study. We return to
this point in the discussion. These simulations were based on
previously acquired patient data. One hundred lesions were
simulated according to the following strategy:
1. Kinetic parameters were determined voxelwise from
DCE-MRI data from breast patients. Details of the
acquisition are given below. The parameter values
ranged from 0–2.5 min −1 for K trans, 0–1.0 min −1 for
kep and 0–0.28 for vp.
2. A ‘true’ AIF was created by dispersing a populationaveraged AIF with a Gaussian kernel. The width of the
Gaussian kernel was a randomly selected value
between 0 and 0.2 min. This dispersion was included
so that the true AIF would not necessarily be
equivalent to the population average, which was used
to initialize the AMM algorithm described above. The
dispersion used was consistent with AIFs measured in
patients from a similar population as that described
below. Sample dispersed AIFs can be seen in Fig. 1.
3. For each simulated lesion, 500 ‘true’ tissue curves
were created according to Eq. (1) using the ‘true’ AIF
and the lesion kinetic parameters. Each set of 500
curves was generated with temporal resolutions of 1, 4,
8, 16, 32 and 64 s and 8-min simulated acquisition.
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4. ‘True’ 3TP parameters were calculated for each of
the tissue curves using the set of curves generated at
1-s resolution.
5. Zero-mean Gaussian noise with standard deviation of
0.03 mM was added independently to each true tissue
curve at each temporal sampling rate. This noise level
was the average noise level found in the lesions on
which the simulations are based.
6. For each simulated lesion, at each temporal sampling
rate, parameters were calculated using an AIF obtained
from the AMM blind estimation method developed
previously for use with the ETK model [27]. Prior to
estimation, the noisy tissue curves were upsampled to
1-s resolution with cubic interpolation. The data were
clustered into eight representative curves, as described
in Ref. [27]. The AIF was estimated with 1-s
resolution, and the kinetic parameters were calculated
for each tissue curve with the upsampled AIF and
tissue curves.
7. 3TP parameters were calculated for each tissue curve at
each temporal sampling rate. The three time points
were obtained by selecting a precontrast frame, and the
time frames 2 min and 6 min post contrast injection.
Colors and intensities for each curve were assigned as
described above.
Fig. 2 displays representative tissue curves from the above
simulations. Following the simulations, the root-mean-square
error (RMSE) of the estimated parameters was calculated. For
the ETK model errors, the RMSE was calculated based on the
differences between the estimated parameters and the “true”
parameter values on which the simulations were based. For
the 3TP method, the errors were calculated based on the
differences in intensity between the intensity values from the
fully sampled curves and the temporally downsampled
curves. For individual curves where the temporal downsampling resulted in classifying curves as a different color
than the fully sampled curve, the intensity of the downsampled curve was set to zero. This was done as classiﬁcation
of tumors with the 3TP method is based on counting the
number of voxels with a given color. The chosen method
penalizes voxels that are miscolored after temporal downsampling. The errors were collected over all the simulated
tumors, and average RMSE values for each temporal
resolution were calculated.
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Fig. 1. Three sample AIFs used in the temporal resolution simulations. The
ﬁrst AIF (solid line) represents the population-average AIF. The dashed
AIFs represent AIFs dispersed with kernels of width 0.1 and 0.2 min.

The 3TP and ETK models were also applied to previously
acquired breast DCE-MRI data from 87 patients. These data
were collected as part of a prospective study of pharmacokinetic modeling in breast DCE [18]. All data were acquired
on a 1.5-T Siemens Avanto scanner. The dynamic imaging
was performed with 9.2–19.7-s temporal resolution using a
fast three-dimensional Spoiled Gradient Echo sequence
(repetition time/echo time/alpha=2.54/1.09/10) with 1.5mm isotropic resolution. Twenty-four of the data sets had a
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Fig. 2. Sample tissue curves from temporal resolution simulations. Each set of curves was created from kinetic parameters derived from previously acquired
patient data. The tissue curves were created with 4-, 8-, 16-, 32- and 64-s temporal sampling, and Gaussian white noise (σ=0.03 mM) was added. True 3TP
parameters were obtained from curves with 1-s resolution.

temporal resolution between 9.2 and 12 s. Forty-two of the
data sets had temporal sampling rates between 12 and 16 s,
and 21 of the data sets had a sampling rate between 16 and
19.7 s. Partial Fourier encoding in the phase and frequency
encoding directions was used, and full bilateral coverage
from the chest wall to the nipple was obtained in all scans. A
20-ml injection of gadodiamide (Omniscan, Amersham
Health) was given at a rate of 4 ml/s, followed by a 20-ml
saline ﬂush at 2 ml/s. Eight to 10 min of data was acquired.
Each of the data sets was downsampled temporally by a
factor of 2 and 4. This downsampling was accomplished by
selecting every second time frame and every fourth time

frame to obtain data sets with temporal sampling rates
ranging from 18.4 to 39.4 and 36.8 to 78.8 s/frame. We
note that this method of downsampling is not actually
identical to acquiring the data at different temporal
resolutions. However, since performing multiple DCEMRI acquisitions on each patient is not practical, the
approach here serves as a useful approximation.
Each of the subjects in the previously referenced study
had been referred to biopsy independent of any MRI results.
All imaging results were correlated with pathology. In
addition, following data acquisition, one region of interest
(ROI) per patient was identiﬁed manually in each subject on

Fig. 3. The RMSE for each parameter for all of the temporal sampling simulations. Panel (A) corresponds to Ktrans/red, (B) to kep/blue and (C) to vp/red. In each
panel, the green curve corresponds to ETK parameters with an AMM-estimated AIF, and the blue curve corresponds to 3TP parameters.
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Fig. 4. Parameter maps from a representative slice of DCE-MRI data taken from the left breast of a patient with inﬁltrating ductal carcinoma. Panels (A–C)
correspond to Ktrans, kep and vp values calculated with an AMM-estimated AIF and (D) to 3TP parameters. Panel (E) displays the calibration map used in the 3TP
processing, and panel (F) displays a postcontrast T1-weighted axial slice highlighting the size and location of the lesion.

the postcontrast frames from the dynamic study by an
experienced observer.
Pharmacokinetic parameters were calculated for each
voxel within the deﬁned ROIs. The AMM-estimated AIF was
used, and separate calculations were done for both the original
and two downsampled data sets. For the AMM method, all of
the tissue curves within the ROI were used as input. These
curves were clustered using an unsupervised k-means
algorithm, and the cluster-averaged curves were used as
input to the AMM algorithm. A population-average AIF,
based on that reported by Parker et al. [23], was used to
initialize the algorithm. Prior to estimation, the tissue curves
were upsampled to 1-s resolution with cubic interpolation, and
the AIF was estimated with a 1-s resolution sampling rate. This
approach is similar to that used in the multiple reference tissue
approach outline by Yang et al. [26] and was used to allow the
AMM algorithm to estimate high-temporal-frequency aspects
of the AIF. This AIF was then used to estimate kinetic
parameters voxelwise throughout the ﬁeld of view. Following
parameter calculation, mean values for each of the parameters
were found for each ROI. Parameters were also calculated for
each voxel using the 3TP model described above.
Following parameter calculation, each of the lesions was
classiﬁed as either benign or malignant. Classiﬁcation of
lesions with the 3TP parameters was done using the method
outlined in Ref. [14], which distinguishes lesions based on the
percentage of voxels assigned red. When a lesion has 15% or
more red voxels, it is likely malignant. When the number of red
voxels is less than 10%, the lesion is likely benign. For

intermediate lesions, a second 3TP analysis with time points at
4 and 8 min after injection is done, and the lesion is reclassiﬁed.
For the ETK parameters, lesions were classiﬁed with
linear combinations of parameters. Each of the possible
linear combinations of parameters (i.e., K trans, kep, vp, K trans/
kep, K trans /vp, kep/vp, K trans/kep/vp) was considered as a
possible classiﬁer. Parameters were combined using the
method outlined in Ref. [18]. This method calculates the
ROC curve for any pair of parameters p1 and p2 according to
the linear combination p=p1sin(θ)−p2cos(θ), where θ ranges
from −180° to 180° in 1° increments. A similar method is
used to extend the linear combination to three parameters.
This was repeated for each patient in a leave-one-out manner
with a possible unique classiﬁer for each data set. A standard
method [33] was used to calculate the ROC curves for each

Fig. 5. Mean (+1 standard deviation) parameter values for the kinetic
parameters of the clinical data studied at the originally sampled temporal
resolution and after downsampling by a factor of 2 and 4. Ktrans and kep are
both measured in min−1, while vp is a fractional volume.
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combination. Separate ROC curves were generated using the
original data and each set of downsampled data.
Classiﬁcation of the lesions for both the 3TP and ETK
parameters was also done retrospectively to ﬁnd the optimal
linear combination of parameters that maximizes the AUC.
As with the classiﬁcation done for the ETK method above,
each of the possible linear combinations of the parameters
was tested (i.e., red, green, blue, red/green, red/blue, green/
blue, red/green/blue). The intensities of the colors assigned
to the voxels were used to classify the lesions. All of the
lesions were included in the analysis, and the optimal linear
classiﬁer was found for both the 3TP and ETK parameters
for each temporal resolution.

rate increased from 4 to 64 s. The errors in the 3TP
parameters were largely due to incorrect binning of the
voxels as the temporal resolution changed.
3.2. Clinical data
Fig. 4 displays modeling results from a representative slice
from one of the lesions in this study. The ﬁrst row shows the
kinetic parameter values calculated with an AMM-estimated
AIF. The second row displays the 3TP parameters for the
same slice, along with the calibration map used for the 3TP
parameters and a postcontrast T1-weighted image showing
the tumor location within the body. These parameters were
from a subject with pathology-proven inﬁltrating ductal
carcinoma, and the elevated K trans values seen here are
consistent with literature reports [18]. The mean and standard
deviations of these parameter values are seen in Fig. 5.
ROC curves for the 3TP method using a prospective
classiﬁer are plotted in Fig. 6. For each of the lesions used in
this study, diagnoses were obtained from MRI-independent
pathology reports. Of the lesions studied here, 25 were
malignant including 16 invasive ductal carcinomas, 4 ductal
carcinomas in situ, 2 atypical ductal hyperplasias, 1 atypical
apocrine metaplasia, 1 atypical papilloma and 1 lobular
carcinoma in situ. The remaining 62 lesions were benign.
Using the classiﬁer for the 3TP parameters, the AUC was
0.85, with a 95% conﬁdence interval (CI) of 0.74–0.96.
When the data were temporally downsampled by a factor of
2 prior to parameter calculation, the AUC of the ROC curve

3. Results
3.1. Temporal resolution simulations
Aggregate results from all 100 simulated lesions are seen
in Fig. 3. This ﬁgure displays the RMSE for the simulations
at each temporal resolution for each parameter. The mean
error in the ETK model with the AMM-estimated AIF
increases nearly linearly with the temporal resolution of the
input curves, from 0.06 to 0.20 for K trans , from 0.21 to 0.94
for kep and from 0.02 to 0.07 for vp. The RMSEs in the
parameters from the 3TP method remained relatively
constant as the temporal sampling changed as expected,
changing by approximately 15% as the temporal sampling
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Fig. 6. ROC curves for the 3TP method using a literature (prospective) classiﬁer as well as those for the ETK method using a leave-one-out analysis. The ﬁrst
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decreased to 0.81 (CI: 0.70–0.92). When the data were
downsampled by a factor of 4, the 3TP classiﬁer was
unchanged, with an AUC of 0.81 (CI: 0.70–0.92). ROC
curves for the ETK method are also shown in Fig. 6. These
curves were generated using a leave-one-out analysis. At the
native resolution of the scans, the AUC of the ROC curve
was 0.85 (CI: 0.72–0.96). When the data were downsampled
by a factor of 2, the AUC decreased to 0.82 (CI: 0.71–0.93).
When the data were further downsampled, the AUC
remained 0.82 (CI: 0.70–0.93).
When the optimal linear classiﬁer was found retrospectively, the AUC for the 3TP increased. The ROC curves for
both the 3TP and ETK methods with a retrospective
classiﬁer are seen in Fig. 7. The ﬁrst row corresponds to
values from the 3TP method, and the second row to the ETK
analysis. For the original data set, with temporal sampling
rates ranging from 9.2 to 19.7 s, the 3TP method AUC was
0.91 (CI: 0.82–1.00) and the ETK method AUC was 0.94
(CI: 0.86–1.00). The linear combinations of parameters that
provided the highest AUC were 0.98red+0.21green for the
3TP model and 0.87K trans+0.49kep for the ETK model.
When the data were downsampled by a factor of 2, the 3TP
AUC increased to 0.92 (CI: 0.85–1.00) and the ETK method
decreased to 0.92 (CI: 0.84–0.99). The parameter combinations for these AUC values were 0.88red+0.47green for the
3TP model and 0.99K trans−0.16kep for the ETK model.
When the data were downsampled by a factor of 4, the 3TP
AUC decreased to 0.89 (CI: 0.81–0.98) and the ETK method
decreased to 0.85 (CI: 0.74–0.95). The parameter values for

these AUC values were 0.14red+0.99green for the 3TP
model and 0.88K trans+0.47kep for the ETK model.

4. Discussion
This work presents results comparing the semiquantitative
3TP method and the fully quantitative ETK compartmental
modeling method for evaluating breast DCE-MRI. Semiquantitative models, such as the 3TP method studied here, return
parameters that are dependent on the overall shape of the
tissue curves, and thus reﬂect tissue physiology only
indirectly. As shown in the simulations carried out here, the
accuracy of the 3TP method is insensitive to the temporal
sampling rate of the acquired data. As a result, the analysis can
be done with higher-spatial-resolution images in conjunction
with morphological assessments [14]. In addition, the
computational load of the 3TP method is minimal compared
to the quantitative methods. In contrast, the parameters of the
fully quantitative models, such as the ETK model studied here,
directly reﬂect tissue physiology, though they require higher
temporal resolution (with concomitant decreases in signal-tonoise ratio, or spatial resolution) to be accurately measured.
In this work, the AIF was estimated with the AMM
algorithm. Estimating the input function allows for greater
interpatient individuality than a population-average input
function. The estimation can be done on grids with an
arbitrarily high temporal sampling rate, allowing for estimation of higher-frequency components in the AIF than would be
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available at lower sampling rates. In practice, 1-s temporal
sampling rates may be impractical in clinical settings.
Technical limitations on the data acquisition, as well as the
need for high spatial resolution, restrict the rate at which data
can be acquired. New developments in image acquisition and
reconstruction may alleviate these concerns. A second
limitation is the underlying relaxation times of the tissue. In
a standard DCE-MRI acquisition, the magnetization of the
tissue must be allowed to relax back to a steady state between
readouts. If the tissue is not at a steady state, the acquired signal
will be inconsistent between acquisitions, which will lead to
interpretation errors.
Despite the high-resolution sampling rate that can be used
for the AIF estimation, the information available from the
tissue curves will depend on the native sampling rate.
Henderson et al. report that for curves with nonzero
contribution from the blood plasma volume (vp) and with a
known AIF, the tissue curves must be sampled with at least
4-s resolution to obtain less then 10% error in all of the
parameter estimates [29]. This same study reports that if
errors in the plasma volume are ignored, the sampling rate
can be relaxed to 16 s to obtain less than 10% error in the
K trans and kep estimates. In a similar study, Schabel et al.
report results from simulations on the effects of changing the
temporal sampling rate on the accuracy of kinetic parameters. This work was done with a blind Monte-Carlo-type
estimation method for obtaining the AIF. This type of blind
AIF estimation method can be considered a generalization of
the AMM method employed here [28]. The simulations
carried out by Schabel et al. return good estimates of all the
parameters at reasonable noise levels and at sampling rates
up to 8 s, after which the errors grow rapidly with increasing
sampling rates. The blind Monte Carlo method also found
that, ignoring any errors in vp, K trans and kep estimates were
stable up to sampling rates of 12 s, after which the error
increased rapidly. In contrast, work with the reference region
model, which does not explicitly deﬁne an AIF and which
ignores any contributions from the blood plasma volume, has
shown that temporal sampling rates can increase up to 60 s
with little bias in K trans or kep [17,30,31]. This may be due to
the relatively dispersed AIF used to evaluate this method. A
slower simulated injection with a longer temporal footprint
will relax the sampling requirements on the resultant tissue
curves. The amount of dispersion between the AIF as
measured in the aorta and that actually seen by the breast
tissue remains an open question.
The fastest sampling in the clinical data studied here was
more than twice as long as the 4 s recommended by
Henderson et al. and more than 1 s faster than the 8 s reported
by Schabel et al. As a result, voxels with nonzero vp are not
sampled sufﬁciently quickly, and much of that information is
lost, even with a high-resolution sampling rate for AIF
estimation. In lesions where vp is small enough to be
neglected, the recommendation of Henderson et al. for the
required sampling rate increases to 16 s [29], while the
recommendation of Schabel et al. increases only to 12 s [28].
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In comparison, the temporal sampling rate of the data
acquired here ranges up to 19.7 s. More work is needed to
understand the relationship between nonzero vp and the AIF
estimation at nonoptimal temporal sampling rates.
One shortcoming in this study is the lack of an absolute
reference with which to compare the parameters estimated by
each of the tested methods. In this work, we measure the
usefulness of a method by its ability to distinguish lesions as
malignant or benign. One potential shortcoming of this study
is that the selection of an optimal linear classiﬁer based on
the analysis parameters remains an open question for both
quantitative and semiquantitative analysis. As seen in Fig. 6,
the literature classiﬁer used in conjunction with the 3TP
method yields good results (AUCN0.8) regardless of the
temporal resolution and is comparable to similar studies with
other semiquantitative analysis methods [34]. As mentioned
in Ref. [14], this classiﬁer is often used in conjunction with
radiologist interpretation of the images to arrive at a
diagnosis. The leave-one-out method returned similar results
using the ETK parameters, which suggest that a prospective
classiﬁer based on the ETK model may be clinically feasible
at the temporal sampling rates studied here for discrimination
between benign and malignant tumors. Regardless of the
temporal sampling rate, in some voxels, the ETK model will
not be able to ﬁt the measured data exactly, which could
result in additional errors in tissue classiﬁcation.
A second potential limitation of this work is the approach
used to downsample the clinically acquired data. Recent
work by Heisen et al. [31] utilizes a k-space-based downsampling strategy that more accurately reﬂects the effects of
changing the temporal sampling rate on the acquired images.
In this work, the k-space data were not available for each
patient, and utilizing this downsampling strategy was not
possible for the clinical data. In contrast, the simulations
carried out here generate tissue curves with given input
functions and tissue parameters at various temporal sampling
rates, which avoid the problems that may arise from various
downsampling techniques.
As with previous analyses of various diagnostic techniques [18,34], the pathology-proven diagnoses allowed the
selection of a retrospectively determined classiﬁer for
optimally distinguishing benign and malignant lesions.
This was especially useful for the ETK analysis, where no
consensus has been reached on how to classify lesions based
on the estimated parameters. As seen in Fig. 7, the optimal
linear 3TP classiﬁer outperforms the literature classiﬁer for
the 3TP method. The increase in the AUC is due to the large
number of parameter combinations tested when ﬁnding the
optimal retrospective linear classiﬁer. This type of retrospective analysis is not typically used in conjunction with the
3TP parameters, but is included here to allow for direct
comparison with the ETK method. For the 3TP method, the
change in the optimal classiﬁer performance, as measured by
the AUC, is small as the temporal resolution of the data
lengthens. This is due to the general insensitivity of the 3TP
method to temporal sampling within the range of this study.
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The ETK method, on the other hand, is more sensitive to the
temporal sampling of the acquired data. For the most rapidly
sampled data, the ETK method had the highest overall
optimal performance. As the temporal sampling rate
increased, the AUC of the ROC curves for the ETK method
decreased more rapidly than that for the 3TP method.
Another limitation of this study is that the analysis
performed here did not include any morphological assessment
of the acquired data. The increased temporal sampling rate of
the data used in this study led to a decrease in the acquired
spatial resolution (1.5-mm isotropic resolution here, compared to submillimeter resolution obtained in more standard
breast DCE-MRI scans). Morphological assessment, when
combined with the semiquantitative or quantitative analyses
studied here, may provide additional power in distinguishing
lesions, though the extent of the additional distinguishing
power is left to future studies. Future work will focus on the
combined effects of spatial and temporal resolution on the
distinguishing power of the ETK or 3TP method.
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5. Conclusion
In this work, we studied the effect of changing the
temporal sampling rate on two different analysis methods for
evaluating DCE-MRI data in breast cancer. The error in the
parameters for ETK model was shown in simulation to
increase approximately linearly as the temporal sampling rate
increased from 4 to 64 s per frame. The error in the parameters
from the 3TP method remained relatively constant in
simulation over the same range. When applied to clinical
data acquired at 9–19-s/frame temporal resolution, the ETK
analysis was able to distinguish benign and malignant lesions
more accurately than the 3TP analysis when optimally
determined classiﬁers were used as determined by the AUC.
As the data were increasingly undersampled temporally, the
ETK performance decreased to a level equal to that of the 3TP
analysis. With further temporal undersampling, the ETK
method's performance was worse than that for the 3TP
method. As most current clinical scans involve acquisitions
of 1 min per time frame, use of the ETK method with such
data sets may not provide any beneﬁt over the 3TP method for
the task of discriminating between benign and malignant
tumors. As undersampling acquisition and reconstruction
techniques improve, high-temporal-resolution acquisition of
DCE-MRI data without any loss in spatial resolution will
become more realizable. The ability of the fully quantitative
modeling to report on subject physiology may make it a more
attractive analysis option than semiquantitative analyses,
especially with no expected loss in distinguishing power
relative to semiquantitative analyses.
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