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DCE-MRI has been extensively used for diagnosis, prognosis 
and therapy monitoring of various diseases including cancer. 
However, it has been reported that the perfusion parameters 
measured by DCE-MRI largely vary across different research 
sites, preventing data comparison in multi-institutional clinical 
trials. Recently, novel perfusion phantoms have been 
developed to correct scanner-driven errors, enabling quality 
assurance of quantitative DCE-MRI measurement. However, 
the sources for the variability in quantitating perfusion 
parameters are not only MRI scanners but also software
packages and imaging protocols set by the operators. In this 
manuscript, the various sources influencing the variability in 
quantitative DCE-MRI measurement are reviewed, and the 
proper solutions to minimize those are discussed. 
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Introduction

Dynamic contrast-enhanced magnetic resonance imaging (DCE-
MRI) is a noninvasive and nonionizing method for micro-vascular 
perfusion assessment by monitoring the dynamic change of MRI 
contrast agent in a target tissue (1-4). As vascular abnormality is 
one of the primary features of malignant tumors, DCE-MRI has 
been extensively evaluated for cancer diagnosis (5-7), prognosis 
(8-10), and therapy monitoring (11-16). However, quantitating 
perfusion parameters varies across different MRI scanners and 
software packages (17-21).  Bane et al recently reported that the 
reproducibility coefficient (RDC) in measuring T1 values of a 
static phantom across ten different scanners was up to 23%, when 
the data were analyzed using a single software package (21).  
Similarly, the RDC in quantitating Ktrans (wash-in rate) of various 
abdominal tissues across two different 3T MRI scanners was 
about 25% in our recent study (22), when the same imaging 
protocol, software package and operator were employed.  Haye et
al reported that the reproducibility in DCE-MRI measurement of 
15 patients across four commercially available software packages 
was up to 74 % (18), when assessed by within-subject coefficient 
of variation.  Due to these variations, DCE-MRI has been largely 
analyzed only qualitatively in routine clinical practice.

Accurate quantitative measurement of perfusion parameters
by DCE-MRI will significantly impact the clinical care of cancer 
patients. The improved risk stratification and therapy assessment
by quantitative DCE-MRI will lead to better treatment decisions
and consequentially will result in more favorable clinical 
outcomes. Inaccurate estimation of tumor aggressiveness may 
lead to overtreatment engaged with unnecessary side effects or 
insufficient treatment which may cause the disease progression.  
Quantification of absolute perfusion parameters will also enable 
data comparison across different research cites, and thereby will 
facilitate collaboration among the institutes to develop advanced 
treatments. Image data quantification will ultimately enable 
automated clinical decisions, and with appropriate review, will 
reduce turnaround time leading to rapid determination of the 
optimal treatment for each patient.  

Table 1 summarizes the sources of variability in quantitative 
DCE-MRI and the suggested solutions to minimize those.  There 

are three major sources of variability in quantitative DCE-MRI 
such as MRI scanner, post image-processing software and 
operator.  Each MRI scanner has unique hardware configuration,
performing with vendor-specific pulse sequences and 
reconstruction schemes, which induces variation in quantitating 
T1 values, contrast concentration and perfusion parameters across 
different MRI scanners. The image processing and analysis 
schemes in a software package are not typically optimized for
reliable quantitative DCE-MRI.  The variation in imaging 
parameters and contrast agent determined by the operator may 
also induce variation in perfusion parameters.  This manuscript
reviews the factors causing the variability in quantitative DCE-
MRI and the methods that have been proposed to reduce those.   

Scanner dependent variables

Pulse sequence and Reconstruction algorithm
Quantitative Imaging Biomarkers Alliance (QIBA) suggests using
3D fast spoiled gradient echo (FSPGR) sequence for quantitative 
DCE-MRI (23).  However, FSPGR sequence is not standardized
across vendors, and moreover, each vendor provides several
FSPGR sequences.  For example, GE scanners provide LAVA, 
VIBRANT, FAME, FMPSPGR, and FSPGR, while SIEMENS 
scanners provide TurboFLASH and VIBE. A unique 
reconstruction algorithm optimized for each sequence is installed 
in the scanner and automatically implemented.  As the details of 
acquisition sequences are not publically revealed, it is difficult to 
fully comprehend the differences among them and thereby hard to
predict how MRI signal will vary accordingly.

One approach for reducing scanner dependent variation is to 
use external phantoms with known contrast concentrations.  A 
look-up table (LUT) to correlate between the true values of 
phantoms and the measured ones by MRI can be created and used 
to compensate the variation in quantitating contrast concentration 
across different sequences.  QIBA developed a static phantom 
composed of 32 spheres having different T1 values (24), which 
was used to test the repeatability of DCE-MRI measurement of 
prostate cancer in a multi-cite clinical trial, ACRIN6701 (25).  A 
similar static phantom was manufactured by the National Institute 
of Standards and Technology (NIST) (26), and used to determine
the repeatability in quantitating various T1 values across multiple
MRI scanners (1.5T or 3.0T) in eight institutes (21).  These
phantoms are now commercially available by several vendors 
including Phantom Laboratory, Inc (Salem, NY) (27) and High 
Precision Devices, Inc (Boulder, CO) (28).
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Table 1. Variables in quantitative DCE-MRI. Major sources and variables in quantitative DCE-MRI are listed together with suggested 
solutions.

However, a static phantom may not be ideal to model 
dynamically changing contrast concentration in live tissues,
because: a) the movement of contrast agents in vivo causes 
additional signal reduction not captured by static phantoms, b) the 
number of spheres in a static phantom is limited, thus may induce
larger fitting errors in the estimation of a LUT, c) B1 mapping 
techniques are usually T1 dependent, leading to the flip-angle 
miscalculation on a static phantom, especially in high field MRI 

(29-32).  Therefore, a perfusion phantom varying its 
contrast concentration would be necessary.  Most MRI perfusion 
phantoms developed for system calibration are operated by 
programmable syringe pumps, varying the mixing ratio between 
water and contrast agent in plastic hollow spheres (33-35).  Since 
MRI measurement with the same sequence may also vary over 
time due to hardware instability (36), the LUT obtained from a
phantom should be updated periodically. However, the optimal
frequency for LUT update is unknown and may be different
according to scanners. Therefore ideally, the phantom should be 
imaged together with a human subject to obtain the LUT at every 
imaging.  But most phantoms are too bulky to be imaged with a 
human subject simultaneously.

We recently developed a portable perfusion phantom that can 
be imaged concurrently with a human subject for real-time quality 
assurance (22).  The phantom is readily operable by typical MRI 
technologists in routine clinical settings, and made of inexpensive 
material so that it can be manufactured as a disposable device.
Figure 1A shows the photograph of the phantom (width x height x 
length = 24 x 23 x 208 mm).  Three phantoms are used in a 
phantom package as shown in Fig. 1B, not only to increase the
signal-to-noise ratio (SNR) of measurement but to detect any 
functional error if occurs in one of the phantoms. The phantoms 
are surrounded by thermal insulation material (polyurethane) to 
prevent heat transfer from a patient. Figure 1C shows MRI image 
of a patient and three phantoms at about 8 minutes after contrast 
injection.  The phantom package is located at the bottom of a 
patient during imaging.  Figure 1D shows the CECs of three 
phantoms and the mean value when contrast was injected at 15
seconds after imaging start.  The main concern of this approach is 

that the space within the scanner is reduced by the phantom
package.  The phantom package and fiberglass cushion placed on 
the top of it requires about 50 mm, which can be a concern for 
large and/or claustrophobic patients.  If the proper frequency for 
LUT update is known, the portable perfusion phantom will be 
able to be used with slim and non-claustrophobic patients once in 
a while.  

B1 field non-uniformity 
B1 field generated by a bird-cage RF body coil is highly uniform 
in the air (37), but perturbed by a human subject present within 
the coil primarily due to the tissue permittivity varying across the 
body region (38).  B1 field strength is linearly proportional to the 
flip angle (FA), thus B1 field non-uniformity results in FA 
variation over the body, which leads to error in quantification of 
T1 values and consequentially tissue contrast concentration and 
perfusion parameters. The variation of tissue permittivity 
increases in proportion to the main field (B0) strength and the 
body size, as that is affected by the wavelength of RF 
transmission field (39).  In a 
wavelength is typically larger than the size of human body,
therefore the tissue permittivity induced by the RF interference is 
rather homogenous over the body region, leading to relatively 
uniform B1 field and FA values.  However, in a higher field MRI 

smaller than the body 
size, thus the tissue permittivity variation becomes more evident 
according to the RF wave pattern propagating through the body.  
Most modern 3T MRI scanners are capable of multi-channel RF 
transmission, allowing more uniform B1 field (40).  A multi-
channel RF coil transmits two or more independent RF pulses 
with different magnitudes, phases and waveforms so that the 
uniformity of B1 field is optimized for each patient.  This 
technique is referred to as B1 shimming.  B1 shimming 
significantly improves B1 homogeneity, but B1 variation is still 
present to a certain extent depending upon the body size and 
composition (41).  Therefore even after B1 shimming, it would be 
still necessary to measure B1 non-uniformity, which is referred to 
as B1 mapping. 
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Figure 1. Novel portable perfusion phantom. (A, B) Photographs of (A) the portable perfusion phantom and (B) the phantom package containing three 
portable perfusion phantoms.  (C) A representative DCE-MRI image of a patient and three phantoms located under the patient at about 8 minutes after 
dosing.  (D) Contrast enhancement curves of three perfusion phantoms shown in Fig. 1C and the mean value.

Figure 2. T1 map with or without B1 map correction.  (A) B1 map of the abdomen created by Block Siegert method.  (B, C) T1 map (B) with or (C) 
without correction using the B1 map shown in Fig. 2A.

To date, a number of B1 mapping techniques have been 
introduced (29-32, 42-46), and each vendor employs one of them.
For instance, Block-Siegert method is used in GE scanners (44),
preconditioning RF pulse based B1 mapping is used in SIEMENS 
scanners (45), and multiple TR B1/T1 mapping is used in 
PHILIPS scanners (46). Figure 2A shows a B1 map of the 
abdomen at a 3T GE scanner generated by Block-Siegert method, 
and Figs. 2B and 2C show T1 maps before and after B1 map
correction, respectively.

Software dependent variables

Image co-registration
In DCE-MRI, accurate image co-registration is critical to generate 
a reliable CEC, which is directly related to the accuracy in 
perfusion parameter quantification.  Typically, 50~200 images are 
acquired during DCE-MRI, so it is impractical to register all 
images manually. Two approaches are generally used for

automatic image co-registration in DCE-MRI such as rigid and 
automatic image co-registration in DCE-MRI such as rigid and 
non-rigid methods (47).  Rigid image co-registration is to match 
images of a moving object into a reference image via translation 
and rotation without changing the distance between any two 
pixels in each image.  Rigid image co-registration is appropriate
for regions whose tissues are fixed in position such as brain,
breast and prostate.  In non-rigid image co-registration, however, 
the distance between two pixels is not preserved during process, 
thus it is commonly employed for DCE-MRI of the abdomen 
whose internal organs move in coordination with breathing and 
peristalsis. For improved performance of image co-registration in 
abdominal DCE-MRI, only the images acquired at the expiration 
phase can be retrospectively selected and then used for image co-
registration (48).  The executable files and source codes for 
various image co-registration schemes are freely available from 
the elastix website (49), but the detail co-registration parameters 
should be adjusted for optimal performance in each application. 

Quantitative DCE-MRI Journal of Nature and Science (JNSCI), 4(1):e484, 2018

ISSN 2377-2700 | www.jnsci.org/content/484 3 J Nat Sci, Vol.4, No.1, e484, Jan 2018



Arterial input function
Arterial input function (AIF) is the dynamic change of contrast 
concentration in artery following intravenous bolus injection of 
contrast agent (50).  Since the microvascular perfusion in a tissue 
is defined as the flow of contrast agent between the artery and 
tissue, the accurate determination of AIF is essential to quantitate 
perfusion parameters in DCE-MRI (51-53).  If large feeding 
arteries are present near the target region within the FOV, the AIF 
can be directly measured from the arterial regions. However there 
are a few concerns in direct AIF measurement.  First, the arterial
blood may not be fully saturated, leading to AIF overestimation
(54, 55).  Thus the AIF should be retrieved from the artery in the
image slice located at least 30 mm away from the first slice when 
the blood flows from the first slice toward the second one (56).  
Second, error in MRI signal is amplified during AIF
quantification in proportional to contrast concentration due to the
nonlinear relationship between MRI signal and contrast 
concentration (57); this is the primary reason why AIF is often 
unreliable in the first passage. Third, blood flow pulsatility may 
allow unsaturated blood to enter the image slice intermittently, 
causing spike noise in AIF. Unless severe, it may be readily
removed using median filtering after the second peak, but it may 
not be during the first passage. This is another reason why the
first peak of AIF can be unreliable.  Fourth, AIF may be 
underestimated in high-field MRI owing to T2* effect induced by 
contrast agent. In general, contrast concentration is calculated 
under the assumption that T2* is at least ten fold larger than echo 
time (58).  T2* decreases in proportional to both the contrast 
concentration and magnetic field strength.  Therefore T2* effect 
by contrast agent becomes more evident in high-field MRI, 
leading to AIF underestimation especially during the first passage. 
Fifth, MRI signal at the boundary of the arterial region may be 
influenced by partial volume effect, leading to AIF 
underestimation. We have shown that AIF can vary up to 15% 
according to the size of the region-of-interest (ROI) (59).  Thus 
the boundary of the arterial region should be excluded in
determining AIF, while the boundary thickness should be larger 
than the pixel size. Lastly, the temporal resolution should be 
sufficiently high (ideally 1~2 seconds) to prevent AIF
underestimation during the first passage.

Several alternative methods have been proposed, when AIF 
cannot be directly measured.  A population-based AIF (pAIF) is
the average of AIFs directly measured from the arteries of many 
human subjects (60-62).  A pAIF has high SNR, but cannot 
incorporate variation across the individuals.  Besides, a pAIF may 

also vary according to artery location, contrast agent, dose amount,
infusion rate and magnetic field strength.  Reference region model 
(RRM) is to quantitate perfusion parameters using the dynamic 
change of contrast concentration in a reference tissue to eliminate
the need of AIF (63-65). RRM assumes that the fractional 
extravascular extracellular volume (EEV) of the reference region 
is consistent across the subjects. Muscle was commonly chosen 
for the reference region, but the EEV of paravertebral muscle 
varied about 35% among five male rats (~350 g), leading to
significant variability in quantitating perfusion parameters (63).
The variability may be even severer among patients in clinical 
practice due to the variation in age, gender, race and disease status.
Multiple reference tissue model (MRTM) uses two or more 
reference tissues (66, 67). MRTM estimates perfusion parameters 
of multiple reference tissues via iterative process and in turn,
retrieves an AIF for each tissue. MRTM, however, yielded 
perfusion parameters with similar reproducibility to those by a
pAIF (66).

We have recently proposed a new method to combine the
merits of both the directly measured AIF (mAIF) and pAIF (68).
The AIF variation across the individuals mainly stems from the 
variation in cardiac output and blood volume. The higher cardiac 
output results in the sharper AIF, while the higher blood volume 
leads to the lower amplitude of AIF.  Thus the individual 
variation in cardiac output can be estimated by the full width at 
half maximum (FWHM) of AIF during the first passage, and that 
in the blood volume (or dose amount) can be estimated by the 
AIF amplitude. Therefore a high SNR AIF incorporating the 
individual variations can be obtained by scaling the pAIF in time 
to match its FWHM with that of a mAIF and then adjust its
amplitude to fit into that of the mAIF; in amplitude fitting, the 
mAIF during the first passage is not included due to its 
uncertainty. This method heavily relies on the quality of the pAIF
under the assumption that the cardiac output does not change
during DCE-MRI.

Pharmacokinetic modeling
Perfusion parameters will vary according to pharmacokinetic (PK) 
models, thus it is necessary to employ the same PK model for data 
comparison in a multi-site clinical trial.  In general, three PK 
models have been utilized to quantitate perfusion parameters in 
DCE-MRI such as Tofts model (TM) (69), extended Tofts model 
(ETM) (70), and Shutter-speed model (SSM) (71). TM, ETM, 
and SSM are expressed by equations 1-3, respectively.
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, where Ct(t) is tissue contrast concentration at time t, Cp(t) is 
contrast concentration in the arterial plasma at time t, R1(t) is the 
tissue apparent longitudinal relaxation rate constant at time t, R1i
is the intracellular longitudinal relaxation rate constant, R10 is the 
pre-contrast tissue longitudinal relaxation rate constant, and r1 is
the tissue contrast relaxivity. Perfusion parameters are Ktrans

(forward volume transfer constant: Wash-in rate), kep (reverse 
reflex rate constant: Washout rate), vp (fractional plasma volume),
ve (fractional extravascular extracellular volume: ve = Ktrans/kep)
and i (mean intracellular water molecule lifetime).  Cp(t) is called 
plasma input function (PIF), which is AIF divided by (1
hematocrit), thus for each patient, hematocrit must be measured to 
determine Cp(t) accurately.  Contrast concentration is calculated 
by

, where r1 is tissue contrast relaxivity, TR is repetition time, T1(0)
is pre-contrast T1 value, S is the measured MRI signal, M0 is the 
original magnetization and is a flip angle. 

Either TM or ETM is a two-compartmental model 
(intravascular space vs extracellular-extravascular space), while
SSM is a three-compartmental model (intravascular space,
extracellular-extravascular space, and intracellular-extravascular
space) (53).  TM or ETM assumes water exchange between cells 
and extracellular space is infinitely fast, whereas SSM does not, 
thus TM or ETM tends to underestimate tissue perfusion
parameters in comparison to SSM (17).  It has been reported that 
SSM allows more accurate measurement (72, 73), but SSM is less 
popular as it is a relatively new approach. TM assumes that the 
fractional plasma volume is inconsequential.  The vascular 
volume in a regular tissue is about 5% (74), but it varies 
according to tissues and disease types.  Therefore ETM may 
provide more accurate perfusion parameters than TM, but due to 
mathematical simplicity, TM is also commonly used.  

Software bugs
Quantitative DCE-MRI software packages must be validated prior 
to use with digital reference objects (DROs), synthetic image data 
made for software validation (75, 76). However, most in-house
(or commercial) software packages are not validated, so often 
generate huge computational error.  Huang et al reported 
significant variation in perfusion parameters among six software
packages, when the same PK model, T1 map, AIF, and ROI were
used (17), and similar results were reported by Heye et al (18) and 
Kudo et al (19).  Dr. Barboriak and QIBA developed DROs to 
validate software packages quantifying DCE-MRI perfusion 
parameters (77).  The DROs provide AIF and various CECs, 
yielding different perfusion parameters when TM or ETM is 
employed.  But to date, DROs for SSM have not been developed.
DROs that validate the software packages for T1 mapping, 
contrast-concentration mapping and AIF determination will need 
to be developed as well. 

Operator dependent variation

Imaging parameters
Imaging parameters determine four primary qualities of an image 
such as image contrast, spatial resolution, temporal resolution and
SNR; generally, one can be enhanced by sacrificing the others.  In
MRI, major imaging parameters include repetition time (TR), 
echo time (TE), flip angle (FA), field of view (FOV), 

frequency/phase encoding, slice number, number of excitation 
(NEX) and acceleration factor.  TR, TE and FA determine image 
contrast and temporal resolution. FOV, frequency/phase 
encoding and slice number determine spatial and temporal 
resolutions. NEX and acceleration factor determine temporal 
resolution and SNR.  Imaging parameters should be optimized for 
each target region, as suggested by QIBA (23).  However, since 
each MRI scanner is equipped with vendor-specific and model-
specific settings of imaging parameters, it is difficult to apply the
same imaging parameters across different MRI scanners, which
may lead to variability in quantitating perfusion parameters. 
Therefore it would be necessary to set up the imaging parameters 
as close to the ones standardized by QIBA as possible, and then 
calibrate MRI scanners with a perfusion phantom to detect and 
compensate the variability that may be induced by different 
imaging parameters.

Contrast agent
Gadolinium (Gd) based MRI contrast agents have unique 
relaxivities (78), which may influence the perfusion-parameter
quantification. The relaxivity is inversely proportional to the 
quantitated value of contrast concentration (see Eq. 4), and varies
according to temperature, magnetic-field strength and the 
substance that the contrast agent is dissolved in. If the relaxivity 
of a contrast agent in the arterial plasma is consistent with that in 
a target tissue, those are cancelled out in TM or ETM without 
influencing the perfusion-parameter quantification (see Eqs. 1 and 
2).  The relaxivity of a contrast agent is commonly assumed to be 
consistent regardless of tissues for mathematical simplicity. But
the relaxivity is not necessarily consistent across the tissues (79),
and the magnitude of relaxivity variation across the tissues may 
be dependent upon the contrast agent.  Besides, Gd-based contrast 
agents have unique viscosities (80), which may also influence the 
micro-vascular perfusion. Therefore it would be important to use 
the same contrast agent for data comparison in a multi-site 
clinical trial.

Conclusion

To date, quantitative DCE-MRI has been often considered 
impractical due to many variables affecting perfusion-parameter 
quantification. However, recent progress in developing reliable
perfusion phantoms for system calibration and novel image-
processing schemes together with
standardize the imaging protocol has allowed accurate tissue-
perfusion assessment using DCE-MRI. For its routine and global 
use, however, the perfusion phantoms should be readily operable 
by a typical technologist and ideally disposable.  Besides, the 
software package will need to be implemented automatically to 
minimize the operator-dependent bias and to improve the 
operation speed for quick turnaround time. Accurate quantitative 
DCE-MRI will ultimately allow automated computer aided 
diagnosis, prognosis, and therapy monitoring, which will 
significantly improve the clinical outcomes for cancer patients.  
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