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The role of diffusion weighted imaging (DWI) as a biomarker has been the subject of active
investigation in the field of breast radiology. By quantifying the random motion of water
within a voxel of tissue, DWI provides indirect metrics that reveal cellularity and
architectural features. Studies show that data obtained from DWI may provide
information related to the characterization, prognosis, and treatment response of breast
cancer. The incorporation of DWI in breast imaging demonstrates its potential to serve as
a non-invasive tool to help guide diagnosis and treatment. In this review, current technical
literature of diffusion-weighted breast imaging will be discussed, in addition to clinical
applications, advanced techniques, and emerging use in the field of radiomics.

Keywords: imaging biomarker, breast cancer, diffusion tensor (DT) MRI, non-gaussian diffusion, restriction
spectrum imaging, diffusion weighted (DW) breast MRI, diagnostic breast imaging, radiomics
INTRODUCTION

The history of the role of magnetic resonance imaging (MRI) in visualizing breast cancer dates back
to the 1980s, when it was discovered that breast malignancies enhanced significantly compared to
normal breast tissue with the use of gadolinium contrast-enhanced MRI (1–3). In the decades since
then, an abundance of evidence has emerged supporting the use of dynamic contrast enhanced
(DCE)-MRI in the breast, with applications ranging from high risk screening and lesion
characterization, to preoperative staging and breast cancer surveillance (1). At present, DCE
protocols have been accepted as the standard technique in the MRI evaluation of breast cancer
by the American College of Radiology (ACR) (4). While DCE-MRI demonstrates high sensitivity in
the detection of malignancy, it requires the administration of intravenous contrast, which is
invasive, poses a potential risk for unknown long term gadolinium-related side effects, and is
contraindicated in certain patient populations, such as pregnant women.

Diffusion-weighted imaging (DWI) has emerged as both a complementary and potentially
alternative technique to evaluate the breast. By measuring the diffusion of water molecules,
quantified as the apparent diffusion coefficient (ADC), DWI provides insight into the micro-
structural features of tissues (Figure 1). In vivo, the diffusion of water molecules can be categorized
into three principal physical modes: free, hindered, and restricted (including partially restricted) (5–8).
Free diffusion in tissues represents the random (Brownian), unhindered motion of water molecules,
following a Gaussian distribution (5). Hindered diffusion represents the impeded motion of water
molecules secondary to extracellular obstacles, such as high tumor cellularity (5). Restricted diffusion
in tissues represents the inhibited motion of water molecules secondary to intracellular obstacles, such
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FIGURE 1 | Simplified physical basis of advanced diffusion imaging. Water molecules moving at two different speeds are shown: fast-moving (free and hindered)
which exist in extracellular space (blue), and slow-moving (restricted) molecules that are trapped intracellularly by the plasma membrane (orange). Note that exchange
between the extra- and intracellular compartments also exists, dictated by membrane permeability. The schematic shows the dispersion of these water molecular
diffusing across cellular compartments, at different timescales (D) of (A) 1msec, (B) 20 msec, and (C) 50 msec. (D) The root mean square (RMS) distance of water

molecules experiencing hindered diffusion is linear with respect to the
ffiffiffi
D
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(i.e. Gaussian diffusion, blue). In contrast, slow-moving water molecules in the intracellular

compartment display Gaussian diffusion behavior (linear) at very short timescales (panel D, orange), dictated by the compartment’s intrinsic diffusivity (5). At
intermediary timescales, molecules reach the plasma membrane boundary that restricts movement, indicated by the dotted black vertical line. Past this, the net
squared displacement becomes sublinear with time and is dependent on the dimensions of the compartment. To note, at very long diffusion timescales (D>1s),
restricted water diffusion becomes principally governed by the exchange rate between the intra- and extracellular compartments (5). (E) In DW-MRI, the measured
signal (S) decays exponentially (in the case of Gaussian diffusion) with respect to b-value due to loss of spin coherence caused by dispersion of water molecules.
Thus, the signal decay from water molecules experiencing hindered diffusion (blue) is faster than from water molecules experiencing restricted diffusion (orange). The
measured diffusion signal at different b-value weighting (F–H) reflects the relative dephasing of water molecules in different tissue compartments. At short timescales
(A, F), the measured signal, S, contains combined information from both hindered (SH) and restricted (SR) water signal. At progressively longer timescales (B, C, G,
H), signal from hindered water dissipates more quickly than that from restricted water due to increased motion along the diffusion gradient axis, and the measured
signal begins to arise predominantly from the restricted water signal (5). As shown in panel (E), restricted water will retain more signal at higher b-values than
hindered water and, correspondingly, have a lower ADC than hindered water.
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as a cell-membranes, and follows a non-Gaussian distribution (5).
To note, whereas hindered extracellular diffusion is independent
of diffusion time (dictated by the time delay between diffusion
sensitizing gradients), restricted diffusion is dependent on the
diffusion time, membrane permeability, and the size of the
restricting cellular compartments (5).

The degree of diffusion weighting in standard DWI is
measured by the b-value (s/mm2), a parameter determined by
multiple experimental variables including the gradient strength,
gradient duration, and time delay between diffusion sensitizing
gradients (5, 9). The ADC value, defined as the average area
occupied by a water molecule per unit time (mm2/s), can be
estimated from the signal measured from two different
acquisitions, one with diffusion weighting (non-zero b-value)
and one without (b=0 s/mm2), according to the formula

SD = S0e
−b·ADC ½1�

where SD is the diffusion weighted signal intensity, S0 is the signal
intensity without diffusion weighting and b is the diffusion
sensitization factor in s/mm2 (10). Equation 1 assumes a single
tissue compartment and hencemono-exponential decay (Gaussian
diffusion),which is anapproximation for a given tissue at a specified
b-value range. At typical clinically used diffusion times (e.g. 50-100
ms), tissues with more hindered and restricted diffusion will often
yield lower ADC values (3). Therefore, ADC may serve as a
surrogate for tissue cellularity and thus an imaging biomarker for
breast cancer (Figure 2). This review article will focus on standard
and emerging DWI techniques and their application to
breast imaging.
CLINICAL APPLICATIONS

Screening
The currentACRguidelines recommend screeningmammography
startingat the ageof40 forwomenwithaverage riskofbreast cancer.
For women with higher than average risk—defined as having a
≥20% lifetime risk, genetic predisposition for breast cancer, or
history of radiotherapy to the chest—or a personal history of
Frontiers in Oncology | www.frontiersin.org 3
breast cancer and dense breast tissue, annual contrast-enhanced
breast MRI is recommended (11). At present, DCE-MRI is the
standard of care, but the role ofDWI in screening is being explored.

Superior performance of DWI in the evaluation of
mammographically occult and non-palpable breast cancers,
particularly in women with dense breasts, compared to
mammography alone has been reported (12, 13). Greater visibility
of mammographically occult breast cancer on DWI compared to
ultrasound was shown by Amornsiripanitch et al. (14). Compared
to DCE-MRI, Pinker et al. showed that current DWI as a stand-
alone tool demonstrates inferior sensitivity and diagnostic
performance (15). However, the combination of DCE and DWI
increased specificity and maximized diagnostic accuracy (15).
Therefore, although currently not part of the BI-RADS lexicon,
the inclusion of DWI in the MRI evaluation of breast cancer is
encouraged by the European Society of Breast Imaging (16).

Despite evidence showing the high diagnostic accuracy of
breast MRI, the financial cost and long acquisition times limit
widespread implementation as a screening method in women of
average risk (17). These limitations inspired the development of
abbreviated breast MRI (abMRI) protocols (17). A meta-analysis
of five studies found that abMRI protocols, which included first
contrast-enhanced acquisition subtracted (FAST) sequences,
demonstrated comparable sensitivity and specificity to
standard MRI protocols in the setting of breast cancer
screening (17).

Unenhanced abbreviated protocols with DWI sequences have
been developed to address the drawbacks of DCE imaging,
including cost, invasiveness, and safety concerns regarding the
potential long-term effects of gadolinium. Studies showed
comparable specificity of unenhanced abbreviated protocols that
include DWI compared to either abbreviated contrast enhanced
protocols or standard full DCE-MRI acquisitions (12, 13, 18–22).
However, several of these studies evaluated cohorts with known
malignancy (12, 13, 18), andmany found that abbreviatedDWIhad
lower sensitivity than DCE-MRI (12, 13, 18, 19, 21). Unenhanced
abbreviated protocols are partly limited by decreased lesion
conspicuity and lower interreader agreement (18, 19, 21, 22).
Overall, results suggest that an unenhanced abbreviated protocol
canmaintainhighdiagnostic performance andrepresent apotential
FIGURE 2 | Example of conventional breast DWI at 3T, shown at b-values 0 and 800 s/mm2 and corresponding ADC map in a 49-year-old patient The lesion,
indicated by the yellow arrow, has increased signal on b=800 s/mm2 images and displays lower ADC values compared to surrounding tissue, indicating a finding
suspicious for malignancy. This lesion was found to be an invasive ductal carcinoma from pathology.
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t ime- and cos t - e ff e c t i v e ad junc t to conven t iona l
screening protocols.

Lesion Detection and Characterization
Among the available breast imaging modalities, DCE-MRI has
been established as the most sensitive in the detection of
malignancy (23). Shared imaging features between benign and
malignant lesions, however, limit specificity (23). The addition of
DWI to DCE-MRI may offer a way of increasing diagnostic
accuracy through improved specificity (24). A meta-analysis of
14 studies showed a pooled sensitivity and specificity of 91.6%
and 85.5% for DCE-MRI with DWI, which was superior to DWI
(86% and 75.6%) and DCE-MRI (93.2% and 71.1%) alone (25).
These findings agree with other studies suggesting improved
lesion characterization with multiparametric MRI (26–28). For
example, a study by Pinker et al. evaluated the feasibility and
diagnostic accuracy of multiparametric MRI (DCE imaging and
DWI) at 7T and also found increased specificity compared to
DCE-imaging alone, suggesting the addition of DWI as well as
high resolution imaging may contribute to improved diagnostic
accuracy (26). The added specificity from DWI holds potential to
lower the false positive rate and decrease the number of
unnecessary breast biopsies without missing malignancies (28).

Numerous studies have shown that DWI can be used to
differentiate malignant from benign breast lesions, owing to the
significantly hindered and restricted diffusion in breast cancers.
A recent meta-analysis by Baxter et al. included 65 studies that
evaluated the diagnostic performance of DWI and found a
pooled sensitivity, specificity, and AUC of 89%, 82%, and 0.92
(29), respectively, which is comparable to results from multiple
additional meta-analyses (30–32). Subgroup analysis showed
that diagnostic performance was not significantly associated
with the number or choice of b-values, field strength, or
method of region of interest (ROI) segmentation (29).

Despite the comparable diagnostic performance of ADC across
studies, threshold values varied. Small sample sizes with various
proportions of lesion subtypes, differing field strengths, and
selection of b-values have been suggested to contribute to this
discrepancy. A recently published meta-analysis by Surov et al.
aimed to provide clinically relevant information regarding use of
ADC values in the differentiation of malignant and benign breast
lesions (33). This analysis included 123 studies from across the
world and a total of 13,847 breast lesions. The reported pooledmean
ADC values for malignant versus benign breast lesions were
1.03 × 10− 3 mm2/s, 95% CI (1.01–1.05 × 10− 3 mm2/s) and
1.50 × 10− 3 mm2/s, 95% CI (1.45–1.55 × 10− 3 mm2/s), respectively
(33). This study found that all benign lesions had ADC values above
1.0 × 10− 3 mm2/s, independent of field strength, choice of b-values,
and ROI delineation technique (33). However, the study also
demonstrated considerable overlap of malignant and benign
lesions in the ADC range between 1 and 2 × 10− 3mm2/s, which
limits the clinical use of the proposed threshold value (33).

Diffusion-weighted imaging has also demonstrated potential
in differentiating between invasive ductal carcinoma (IDC) and
ductal carcinoma in situ (DCIS) (34–36). A meta-analysis of 15
studies showed a significantly higher ADC value in DCIS
(0.92-1.56 × 10− 3 mm2/s) compared to IDC (0.89-1.31 ×
Frontiers in Oncology | www.frontiersin.org 4
10− 3mm2/s) lesions, highlighting the microstructural differences
between the two pathologies, potentially providing a noninvasive
means of lesion characterization (34). Subgroup analysis stratified by
ethnicity found lower ADC values in IDC compared to DCIS in the
Asian population but not in Caucasians. Smaller sample size of
Caucasian patients in this study (293 versus 858 Asians) may
contribute to the differing results, as well as genetic and
environmental differences (34).

Prognostic Factors
Prognostic factors for breast cancer are used to predict survival,
guide treatments, and stratify patients into clinical trials. While
some of these factors, such as stage or tumor size, can be
provided by imaging, several others rely on pathologic
diagnosis. The use of DWI has been explored as a potential
non-invasive method of predicting prognostic factors. The
driving hypothesis behind these studies is that malignant
lesions demonstrate high proliferation, which causes the ADC
values of tissues to decrease as a result of increased cellularity
(37). Tumors with increased angiogenesis are suggested to
display relatively higher ADC values from increased vascular
permeability and increased extracellular fluid, although this
hypothesis has not yet been validated (37). Several studies have
evaluated the association of ADC values and prognostic factors
in breast cancer, including tumor subtype, lymph node
metastases, hormone receptor expression, and histologic grade,
among others.

Lymph Node Metastasis
The identification of lymph node metastases is necessary for
accurate staging of breast cancer, which in turn affects treatment
planning and prognosis (38, 39). Tissue sampling remains the
gold standard but is invasive and prone to sampling error (39).
As a surrogate for underlying cellularity, DWI may provide a
noninvasive way of evaluating the axilla. A meta-analysis of 10
studies and 2305 lymph nodes showed a significantly lower ADC
for metastatic lymph nodes (benign: 0.75-1.77 × 10-3 mm2/s vs.
metastatic: 0.69-1.37 × 10-3 mm2/s), with a pooled sensitivity and
specificity of 89% and 83%, respectively (39), similar to results of
a few other studies (40–42). A handful of studies, however,
including a large multicenter analysis, found no correlation
between ADC values and lymph node involvement (43–46).

Hormone Receptor Expression
The correlation between ADC and hormone receptor expression
has also been explored, with varied results. A meta-analysis of 6
studies showed a negative correlation between ADC values and
estrogen receptor (ER) and progesterone receptor (PR)
expression (47), which is consistent with the results of a few
additional studies (37, 44, 48). Other groups, however, found no
association with ER or PR expression (40, 45, 49, 50). A positive
correlation between ADC values and human epidermal growth
factor receptor 2 (HER2) expression was shown by a few groups
(40, 41, 45, 48, 51), whereas others found no association (43, 44,
46, 50, 52, 53). Conflicting results were also reported regarding
histologic grade, with some studies demonstrating decreased
ADC values with increasing grade (41, 42, 53, 54) and others
July 2022 | Volume 12 | Article 844790
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not finding a significant association (40, 52, 55, 56). Most studies
found no significant association between ADC values and tumor
size (42, 44, 46, 52, 53). Multiple factors may contribute to
conflicting results, including differences in study design,
technical parameters, and tumor types evaluated.

Histopathologic Subtype
The recommended treatment for breast cancer is highly
dependent on biological subtype. For example, in terms of
systemic treatment, Luminal A breast cancers generally only
receive endocrine therapy, whereas the addition of cytotoxic
therapy is indicated for most patients with Luminal B and triple
negative breast cancer (57). Immunohistochemistry remains the
gold standard for subtype classification but is costly and invasive.
Multiple groups have investigated the potential for DWI to
predict molecular subtype. A meta-analysis by Meyer et al.
compared the ADC values between breast cancer subtypes and
included 28 studies comprising 2990 lesions, of which 28.9%
were classified as Luminal A, 30.1% Luminal B, 20% HER2
enriched, and 21% triple negative (58). Pooled data showed mean
ADC values of 0.99 × 10–3 mm2/s (95% CI 0.94–1.04 × 10–3

mm2/s), 0.97 × 10–3 mm2/s (95% CI 0.89–1.05 × 10–3 mm2/s),
1.02 × 10–3 mm2/s (95% CI 0.95–1.08 × 10–3 mm2/s), and 0.99 ×
10–3 mm2/s (95% CI 0.91–1.07 × 10–3 mm2/s) for these four
subtypes, respectively (58). The large overlap in ADC values
between subtypes is consistent with the results from a
multicenter analysis by Surov et al., which found mean ADC
values of 1.01 ± 0.22 × 10–3 mm2/s, 0.95 ± 0.23 × 10–3 mm2/s,
1.04 ± 0.23 × 10–3 mm2/s, and 0.95 ± 0.17 × 10− 3 mm2/s for the
four subtypes, respectively, suggesting that ADC values may not
be a useful predictor of molecular subtype (43).

The proliferation index, Ki-67, is a component of the subtype
classification differentiating Luminal A from Luminal B breast
cancer, and therefore directly affects treatment strategy. A
meta-analysis by Surov et al. found a weak negative correlation
(r=-0.22) between ADC values and Ki-67 in breast cancers (59),
consistent with the findings of multiple other studies (40, 41, 43,
46, 50, 54, 55). Comparison across studies is limited, however,
due to different cutoff values in the classification of high
proliferation, with some using 14% and others 20%. Although
statistically significant, the association is considered too weak to
be clinically useful as an imaging biomarker in this context.

Histogram analysis of ADC was performed by a few groups to
capture tumor heterogeneity and to determine if additional
metrics were associated with prognostic factors. A study by
Horvat et al. showed that the maximum ADC value based on a
two-dimensional (2D) ROI on the whole tumor differentiated
luminal from non-luminal cancers with an AUC of 0.685 (37).
Significant overlap in ADC values between subgroups was also
shown in this study, but results suggest that whole tumor
segmentation may better reflect tumor heterogeneity and the
different underlying architecture among molecular subtypes.
Another study evaluated the added value of the entropy of
ADC values, a measure of the variation in the volumetric ADC
histogram and a potential surrogate for underlying
microstructure heterogeneity. Results showed that the ADC
Frontiers in Oncology | www.frontiersin.org 5
entropy values differed among Luminal A, Luminal B, and
triple negative phenotypes (48).

Peritumoral edema associated with breast cancer has been
reported to correlate with aggressiveness and portend a poor
prognosis (60–62). It has been hypothesized that neovascularity
and increased vascular permeability associated with aggressive
malignancies are responsible for the peritumoral edema seen on
MRI (62). Therefore, evaluation of the peritumoral region may
contribute additional pathophysiologic information. A study by
Okuma et al. investigated whether the peritumor/tumor ADC
ratio correlated with prognostic factors and indexes (49). Results
showed a positive correlation between the peritumoral/tumoral
ratio and size, grade, proliferation index, lymph node
involvement, and lymphovascular invasion (49). While the
ratio correlation of peritumor/tumor ADC with the
Nottingham Prognostic Index (NPI) (0.5) and PREDICT (0.44)
was stronger than that of tumoral (-0.28 and –0.25, respectively)
or peritumoral (0.27 and 0.19, respectively) ADC values alone,
the correlation was still considered limited to moderate.
Additional studies are needed to determine if the peritumoral/
tumoral ADC ratio provides any value in the prognostication of
breast cancer (49).

Predicting and Monitoring
Treatment Response
Neoadjuvant chemotherapy (NAC) is commonly used in the
treatment of locally advanced or large breast cancer to downstage
the disease and potentially allow for breast-conserving therapy
(63). The ability to non-invasively evaluate treatment response
not only impacts clinical management, but also confers
prognostic information, with improved outcomes seen in
patients with complete pathologic response. DCE-MRI is the
most commonly used modality to evaluate treatment response
but is limited in the ability to differentiate residual tumor from
treatment related changes, including scarring, necrosis, and
reactive inflammation (64). DWI offers a potential alternative
or complementary technique to overcome those limitations. The
cytotoxic effects of chemotherapy disrupt cell membranes and
decrease tumor cellularity, which theoretically should result in
increased ADC values.

Multiple meta-analyses found that DWI could detect
pathologic complete response (pCR) with a pooled sensitivity
and specificity of 0.8-0.89 and 0.72-0.85, respectively (65–67).
The criteria used to define complete pathologic response differed
among the included studies, which partially limits comparison.
The DWI metrics also varied, with some studies using the change
in ADC (DADC) with treatment, pre-treatment ADC, post-
treatment ADC, or a combination of all three to determine
treatment response. Chu et al. compared the different metrics
and found that the pooled specificity of the DADC was
comparable to the post-treatment ADC, but significantly
higher than that for the pre-treatment ADC group (67). This
finding is partially supported by the mixed results from multiple
smaller studies that investigated the ability of pre-treatment
ADC to predict treatment response (68–73). While this
suggests that pre-treatment ADC values may not represent as
reliable a predictor of pCR compared to the DADC and post-
July 2022 | Volume 12 | Article 844790
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treatment ADC, multi-center trials with larger population sizes
and standardized acquisition protocols would be needed to make
this determination and validate the use of ADC for this
clinical use.

The results from the American College of Radiology Imaging
Network (ACRIN) 6698 trial further demonstrate the ability of
DWI to predict pathologic response (74). In this clinical trial, 272
women with breast cancer underwent DW-MRI prior to NAC, 3
weeks into treatment, 12 weeks into treatment, and after
completion of chemotherapy. The percent change in tumor
ADC from baseline was measured at each time point. Results
showed that the DADC was somewhat predictive of pCR at mid-
treatment (12 weeks) (AUC 0.6; 95% CI: 0.52-0.68; P= 0.017) and
after treatment (AUC 0.61; 95% CI: 0.52-0.69; P = 0.013).
Significantly increased treatment related DADC values in
patients with pCR supports the findings from multiple single
center studies (68, 69, 72, 75–77).

A meta-analysis by Gu et al. evaluated the role of MRI in the
detection of pCR after neoadjuvant treatment in patients with
breast cancer and found that DCE-MRI demonstrated superior
pooled specificity in terms of identifying residual tumor (0.92
versus 0.85) while DWI maintained higher sensitivity (0.93
versus 0.64) (65). The relatively low sensitivity of DCE-MRI
may be secondary to nonspecific contrast enhancement from
post-treatment changes, including reactive inflammation,
necrosis, and perilesional edema, or from co-existing DCIS
(65). The diagnostic accuracy of DCE-MRI was greater than
ultrasonography and mammography (0.96 versus 0.66 and 0.53)
but not significantly different than PET/CT (0.99), which
demonstrated higher sensitivity of 0.9 (65). Results suggest that
DCE-MRI combined with DWI or PET/CT in these patients may
improve predictive accuracy (65).
VALIDATION AND TECHNICAL
CONSIDERATIONS

Technical validation is necessary prior to translation of
quantitative imaging biomarkers into community practice. This
process involves standardization of acquisition protocols and
demonstration of acceptable repeatability and reproducibility to
ensure consistent results across practice settings.

Repeatability and Reproducibility
For implementation in clinical practice, a quantitative imaging
biomarker should demonstrate high accuracy and precision,
reflected in repeatability and reproducibility. Repeatability
represents the precision of repeated measures taken under
identical conditions in a short amount of time, while
reproducibility represents the precision of repeated measures
wherein some aspect of the procedure is changed (e.g. different
field-strength scanners) (78). Understanding the factors which
affect repeatability and reproducibility, such as image acquisition
parameters and data analysis, is necessary for the development of
a useful imaging biomarker.
Frontiers in Oncology | www.frontiersin.org 6
Multiple small single center studies have shown good
repeatability and reproducibility of ADC measurements in
normal (79–82) and malignant breast tissue (80, 81, 83). The
ACRIN 6698 trial evaluated the repeatability and reproducibility
of ADC measurements in a multi-institution, multi-MRI
platform clinical setting (84). Results demonstrated excellent
repeatability [within-subject coefficient of variation = 4.8%
(95% CI 4.0-5.7%)] and reproducibility [interreader intraclass
correlation coefficient (ICC) = 0.92 (95% CI 0.80-0.97) and
intrareader ICC = 0.91 (95% CI 0.78-0.96)] independent of
field strength when using a standardized DWI protocol and
quality assurance (QA) procedures (84). This study represents an
important step in the validation of ADC as a quantitative
imaging biomarker by showing high precision in a multi-
institution setting.

The Quantitative Imaging Biomarkers Alliance (QIBA)
previously excluded breast from the QIBA Profile for DWI in
2017 due to a lack of reproducibility data in the literature. In light
of the increasing evidence, the QIBA added breast to the DWI
Profile in 2019, providing guidance on protocol design (Table 1),
quality assessment, and image analysis, with additional details
provided in the following sections (85).

The European Society of Breast Radiology (EUSOBI), which
works closely with the QIBA, created an international breast
DWI working group consisting of MRI physicists, clinical breast
MRI experts, and MRI vendor representatives from 16 countries
(16). The group published the first consensus and mission
statement in 2020, proposing acquisition parameters for DW
sequences and ROI segmentation recommendations for clinical
application with the goal of improving protocol standardization
across institutions and attaining standardized ADC values. The
group’s future efforts will focus on addressing factors that alter
precision and the development of quality control, with a goal of
progressing towards widespread implementation of quantitative
breast DWI (16).

Acquisition Techniques
The QIBA DWI profile currently recommends utilizing a single-
shot echo planar imaging (ss-EPI) acquisition sequence for
diffusion weighted breast imaging (85). In ss-EPI, the imaging
data from all k-space is obtained with a single radio-frequency
excitation, allowing for shorter acquisition time and decreased
motion artifact (6, 86). However, ss-EPI is strongly affected by
susceptibility artifacts and typically has low spatial resolution.
These limitations can be mitigated by adequate fat suppression,
use of parallel imaging, and shimming (6, 86).

Alternative acquisition techniques have emerged to address
these limitations and have demonstrated potential for improved
image quality in DWI breast imaging. In general, these
techniques reduce the readout duration, thus shortening the
time during which the signal is affected by field inhomogeneities
that cause distortion artifacts.

Readout-segmented echo planar imaging (rs-EPI) is a
multi-shot technique that divides k-space into multiple
segments, allowing for decreased echo spacing, reduced
geometric distortion, and improved resolution (87). Multiple
July 2022 | Volume 12 | Article 844790
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studies have demonstrated superior breast lesion conspicuity and
image quality with rs-EPI compared to ss-EPI (88–91). Inter-
reader agreement of known mass and non-mass lesions was
evaluated in two studies: DCE-MRI and rs-EPI collected with b-
values of 0 and 850 s/mm2 resulted in comparable morphologic
lesion assessment and diagnostic performance (21, 92). These
findings suggest rs-EPI as a potential alternative to DCE-MRI.
However, improved image quality with rs-EPI is often at the
expense of increased acquisition times, and lesion conspicuity
remains inferior to DCE-MRI

Simultaneous multi-slice (SMS) rs-EPI was introduced to
address the increased acquisition times required with rs-EPI. In
Frontiers in Oncology | www.frontiersin.org 7
SMS imaging, multiple slices are acquired simultaneously so that
the number of excitations required for the same slice coverage is
reduced (93). The spatial sensitivity of multichannel array coils is
subsequently used to separate the slices acquired in parallel (93).
Filli et al. first demonstrated the feasibility of SMS rs-EPI in 8
healthy volunteers, comparing conventional rs-EPI to two-fold
and three-fold slice-accelerated rs-EPI (Figure 3) (94). They
found that while scan time was significantly reduced and SNR
was improved with additional acceleration, ghosting artifacts and
shading in the prepectoral region were more distinct (94). A
more recent study by Song et al. compared image quality, lesion
conspicuity, and scan time between rs-EPI and SMS rs-EPI
TABLE 1 | Protocol guidance for diffusion weighted imaging of the breast provided by the QIBA.

Field Strength 1.5 or 3 T

Acquisition sequence Diffusion-weighted Single-Shot Echo Planar Imaging (ss-EPI)
Receive Coil type Ideal/Target: 5-16 channel bilateral breast coil

Acceptable: 4 channel bilateral breast coil
Fat Suppression On
Number of b-values Ideal: ≥ 4

Target/Acceptable: 3 (including one b=0-50, one 100, and one at highest b-value
Acceptable: 2 (including one b=0-50 s/mm2 and one at highest b-value)

Minimum highest b-value strength Target/Ideal: b=600-800 s/mm2

Acceptable: 600 s/mm2

Diffusion directions Target/Ideal: 3-orthogonal, combined gradient channels
Acceptable: 3-orthogonal, single gradient channels

Slice Thickness Ideal: 4 mm
Acceptable: 5 mm

Gap thickness Ideal: 0 mm
Acceptable:1 mm

Field-of-view Ideal/Target/Acceptable: 260-360 mm (complete bilateral coverage)
Acquisition matrix Target/Ideal (128-192) x (128-192), or 2.8- 1.8 mm in-plane

Acceptable: 128 x 128, or 2.8 mm in-plane resolution
Plane orientation Transversal-axial
Half-scan factor Acceptable/Target: >0.65
Phase-encode/frequency-encode direction Anterior-Posterior/Right-Left or Right-Left/Anterior-Posterior
Number of averages Ideal/Target: 3-5 Acceptable:2
Parallel imaging factor Ideal: ≥ 2

Target/Acceptable: 2-3/2
TR Ideal/Target/Acceptable ≥ 4000 ms
TE Ideal/Target: minimum TE (50-100ms)

Acceptable: < 114 ms
Receiver Bandwidth Ideal/Target: maximum possible in frequency encoding direction (minimum echo spacing)

Acceptable: > 1000 Hz/voxel
Definitions provided by the QIBA:
ACCEPTABLE: Actors that shall meet this specification to conform to this profile.
TARGET: Meeting this specification is achievable with reasonable effort and adequate equipment and is expected to provide better results than meeting the ACCEPTABLE specification.
IDEAL: Meeting this specification may require extra effort or non-standard hardware or software, but is expected to provide better results than meeting the TARGET.
A B C

FIGURE 3 | Example of SMS rs-EPI acquisition at b=800 s/mm2 in a 35-year-old healthy volunteer, wherein (B) two-fold (2×) SMS rs-EPI maintains comparable
image quality as (A) conventional rs-EPI while reducing scan time in a 3T scanner. Panel (C) shows two simultaneously acquired slices used to generate a single-
band equivalent image for the same patient at a different slice location (94). (Courtesy of Lukas Filli, MD, Zurich, Switzerland).
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sequences in 134 women with invasive breast cancer (95). The
study found a 44% reduction in scan times, improved image
quality, and enhanced lesion conspicuity with SMS rs-EPI,
similar to the results of a study by McKay et al. (95, 96).
Compared to conventional rs-EPI, SMS rs-EPI produced
comparable AUC and ADC values in multiple studies,
suggestive a potential method of reducing scan time while
preserving diagnostic accuracy (94, 95, 97, 98).

Reduced field of view (rFOV) improves spatial resolution
and decreases artifacts by limiting the field of view and number
of k-space lines in the phase-encoding direction (99, 100).
Improved image quality with rFOV compared to standard
DWI techniques has been shown to enhance lesion conspicuity
and morphologic assessment in the breast (101–104). Significant
differences in ADC values with rFOV compared to full FOV
DWI, however, may limit the utility of proposed ADC cutoff
values when employing rFOV techniques (Figure 4) (101, 102,
104, 105).

rFOV has been used in conjunction with other acquisition
strategies to further improve image quality and reduce scan time.
For instance, Taviani et al. developed a single-shot image-
segmented technique that combines rFOV, 2D in-plane
multiband radiofrequency pulses, and a generalized parallel
imaging reconstruction method to generate images with high
resolution and anatomical fidelity (106).

Diffusion weighted double-echo steady state (DW-DESS)
imaging is an emerging technique that allows for rapid
acquisition of high-resolution images by utilizing a short
repetition time (TR) (107–110). The diffusion weighted DESS
sequence acquires two echoes per radiofrequency pulse, during
which a steady state of longitudinal and transverse magnetization
is achieved. Multiple parameters affect the diffusion weighting in
DW-DESS, such as the TE, TR, flip angle, spoiler gradient
duration, and tissue relaxation and diffusion properties (107,
108, 110). A few studies have evaluated the use of DW-DESS
imaging in the breast and found superior image quality and
improved morphologic assessment when compared to
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conventional EPI DWI (108, 111). Benefits of this technique
include rapid acquisition times and avoidance of EPI-associated
distortions and blurring (107, 108). The DW-DESS sequence,
however, is susceptible to motion artifacts, particularly with
increased diffusion weighting (109). Moran et al. developed a
DW-DESS-Cones method using a three-dimensional cones
(non-cartesian) trajectory to address this limitation, and
demonstrated significantly reduced motion artifacts (Figure 5)
(109). At present, DW-DESS techniques do not provide a reliable
quantitative measure of diffusion equivalent to ADC values, and
will likely be the focus of future investigations (108, 109).

b-Value Selection
ADC values are typically displayed as a parametric ADC map.
Regions of high cell density and hence highly hindered and
restricted (including partially restricted) diffusion appear
hypointense on the ADC map and hyperintense on high b-
value diffusion weighted images.

According to the monoexponential mathematical model
(Eqn. 1), b-value selection directly affects the ADC value, signal-
to-noise ratio (SNR), and contrast-to-noise ratio (CNR). With
increasing b-value, ADC values theoretically decrease due to the
predominance of non-Gaussian diffusion. Additionally, increased
CNR with increasing b-values may improve lesion detection at the
expense of decreased SNR (10). Studies aiming to identify optimal
b-value selection in DWI of breast demonstrate varied results (112–
115). The QIBA requires a minimum of two b-values, b=0-50 s/
mm2 and b≥ 600 s/mm2, but recommends ideally acquiring 4 or
more b-values, including b=0-50 s/mm2 (78). As more evidence
emerges, particularly with advanced modeling techniques requiring
mul t ip le b-va lues , r ecommendat ions may become
increasingly specific.

ROI Delineation
Typically, ADC values are extracted by placing a region of
interest (ROI) on the restricting lesion. The most commonly
employed methods of ROI placement are whole lesion
FIGURE 4 | Reduced FOV EPI in a 63-year-old patient with invasive ductal carcinoma. T2-weighted, conventional DWI (b=0 s/mm2), full FOV EPI (b=0 s/mm2), and
reduced FOV EPI (50% phase field of view) (b=0 s/mm2 acquired at 3T) images are shown. Reduction of percent phase encoding direction to 50% reduces
geometric distortions caused by B0-inhomogeneity, especially in the nipple region (100).
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segmentation and focused segmentation, where the ROI is
applied to the most restricting portion of the lesion (highest
signal on DWI corresponding to lowest ADC value on ADC
maps) (116–119). ROI placement has been shown to significantly
affect ADC measurements, limiting the use of proposed ADC
cutoff values (116–119). Compared to whole lesion
segmentation, focused ROI placement demonstrates superior
diagnostic accuracy in the evaluation of breast lesions in a few
studies, likely on the basis of emphasizing the most restricting
and thereby most suspicious portion of the tumor (117, 119).
Focused segmentation allows the exclusion of region of necrosis,
non-enhancement, and artifacts, resulting in an ADC value that
may better represent the underlying microstructure (16, 118).
Additionally, semiautomated ROI delineation algorithms, such
as that developed by Rahbar et al., can improve inter-reader
reproducibility of ADC measures (120). While the QIBA has not
provided ROI placement standards, the EUSOBI presently
recommends using a focused segmentation method—while
taking care to avoid regions of necrosis, non-enhancement,
and artifacts—with the goal of improving consistency of DWI
across institutions (16).
ADVANCED AND EMERGING
TECHNIQUES

To address the shortcomings of the monoexponential ADC
model in capturing the complex tissue micro-structure in the
breast, several advanced diffusion models have been developed
and will be explored in this section.

Diffusion Tensor Imaging
Diffusion tensor imaging (DTI) is a quantitative technique within
DWI that measures the diffusion directionality (anisotropy) of water
molecules by applying at least 6 directional diffusion gradients,
providing a three-dimensional representation of diffusion (121–
125). The diffusion tensor model is mathematically represented by a
symmetric matrix of six parameters: three orthogonal eigenvectors
(n1, n2, n3), reflecting the direction of diffusion, and three
corresponding eigenvalues (l1, l2, l3), reflecting the degree of
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diffusion in each orthogonal direction (121–125). From the
eigenvalues, DTI metrics are derived (121, 125). The most
common DTI metrics studied are fractional anisotropy (FA), or
the fraction of diffusion that is anisotropic on a scale from 0 to 1,
and mean diffusivity (MD), or the average of tensor’s eigenvalues,
also represented as the ADC (121, 125). Additional DTI parameters
includemaximal anisotropy (MA), relative anisotropy (RA), volume
ratio, geodesic anisotropy, and radial diffusion. Maximal anisotropy
represents the difference between the highest and lowest value of
anisotropic water movement (l1 - l3) (126). Relative anisotropy is
the ratio of the standard deviation to the mean of the three
eigenvalues, ranging from 0 to √2, with 0 representing isotropic
diffusion and the √2 representing diffusion in a single direction
(126). The volume ratio is the ratio of the ellipsoid to spherical,
ranging from 0 to 1, with 1 reflecting isotropic diffusion (127).
Radial diffusivity is the average of the two smaller eigenvalues (l2
and l3) (128)

Normal breast architecture is comprised of multiple lobules with
a complex ductal network with surrounding fibrous stroma and
intervening fatty tissue. Within small ducts, it has been suggested
that the diffusion of water molecules is anisotropic and DTI values
may provide information regarding pathophysiologic changes in
tissue microstructure (123, 129). A few studies have evaluated DTI
parameters in women with normal breasts and found significant
regional differences, with increased FA within the periphery and
posterior aspects of the breast compared to the central breast, which
is postulated to reflect anisotropic diffusion within smaller, collapsed
ducts peripherally and posteriorly (123, 129, 130). A study by Plaza
et al. showed no association between DTI parameters and
fibroglandular tissue composition, but found a significantly lower
l1 in normal breasts with moderate/marked background
parenchymal enhancement (BPE) compared to those with
minimal/mild BPE (131). Other studies have observed that DTI
parameters are resistant to physiologic differences in breast tissue
composition due to their unique ability to track underlying ductal
microstructure (123, 132, 133). In comparison to DCE, certain DTI
parameters have also shown superior tumor conspicuity in lactating
patients with pregnancy-associated breast cancer (134). Background
parenchymal enhancement is a challenge among this patient
population. In a study by Nissan et al., CNR for lactating
A B

FIGURE 5 | Based on the results of the initial DW-DESS-Cones investigation in the breast at 3T (A), the diffusion-weighting and resolution of the method can be
further increased (B) to better match contrast and resolution expectations for breast MRI (109). (Courtesy of Catherine Moran, PhD, Department of Radiology,
Stanford University, Stanford, California, USA).
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patients with pronounced BPE were higher on l1, l2, l3, and MD
(1.81 ± 0.67, 1.95 ± 0.87, 1.79 ± 0.83, respectively) maps as
compared with those of DCE images (0.82 ± 0.49) (p < 0.005, for
all) (134). These correspond to an increase in CNR of up to 138% by
DTI-derived parameters, compared to DCE. DTI parameters, much
like ADC (132, 135–137) have been shown to be resistant to changes
in the breast parenchyma (131, 132, 134), unlike DCE (138, 139),
which further demonstrates the utility of diffusion MRI as an
effective adjunct to DCE.

Disruption of the breast architecture has been suggested to alter
anisotropic indices, and which may therefore serve as potential
imaging biomarkers of malignancy. A comprehensive meta-analysis
byWang et al. evaluated the diagnostic performance of DTI metrics
in discriminating benign versus malignant breast lesions (140). This
analysis included 16 studies with a total of 1636 patients and found
significantly higher FA (0.15-0.55 versus 0.02-0.13), and lower MD
(0.71-1.62 versus 1.08-1.91), l1 (0.97-1.62 versus 1.19-2.15), l2
(0.95-1.29 versus 1.50-1.68), and l3 (0.78-1.12 versus 1.20-1.56) in
malignant lesions compared to benign lesions (140). Decreased
diffusion coefficients may be in part secondary to increased
cellularity within the malignancy, as well as ductal involvement of
neoplastic cells (140). Pooled FA was increased in malignant lesions,
but individual studies showed conflicting results (140). For example,
Furman-Haran et al. found no difference in FA between malignant
lesions and contralateral breast parenchyma, but did find that the
absolute maximal anisotropy index (l1-l3) differentiated the tissues
(lesion: 0.51 x 10−3, mm2/sec, versus normal: 0.84 x 10−3 mm2/s,
p<0.001) (126). Increased FA values in malignancy are postulated to
reflect disorganized architecture with regional necrosis or
hemorrhage, that results in increased diffusion along certain
directions but hindered diffusion in others (126, 140). If regions
of necrosis or hemorrhage are large enough, however, diffusion of
water molecules may be uninhibited and result in reduced
anisotropy, which may explain why some of the included studies
concluded that FA could not distinguish malignant from benign
lesions (140). Furthermore, normalized anisotropic indices such as
FA are subject to the inherent mean diffusivity of the underlying
tissue, which may differ by lesion subtype (126, 140). Subgroup
analysis revealed a significantly lower MD value among invasive
breast cancer lesions compared to DCIS (140). Overall, l1
demonstrated the highest diagnostic accuracy, with a pooled
sensitivity of 93%, specificity of 92% and AUC of 97%. These
findings suggest MD and l1 may be clinically useful markers of
malignancy (123, 128, 140, 141).

An additional meta-analysis performed by Baxter et al.
compared the diagnostic performance of DWI, DTI, and
intravoxel incoherent motion (IVIM) in the characterization of
breast lesions (29). In this analysis, l1 also demonstrated the
highest diagnostic accuracy among DTI metrics, with a pooled
sensitivity of 93%, specificity of 90% and AUC of 94% (29, 123,
128, 141). Overall, the diagnostic performance of DWI, DTI and
IVIM was comparable but the conclusions were limited by the
low number of included studies and thereby low statistical
power (29).

The association of DTI parameters with prognostic factors
has been investigated by a few studies with promising results
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(128, 142–144). Significantly low MD and FA values were found
to correlate with larger tumor size (>2 cm), high histologic grade,
and axillary nodal metastases/lymphovascular invasion (142–
144). Other DTI parameters were also found to be significantly
associated with ER, PR, CERB-B2, Ki-67 and intrinsic subtypes
(128, 143).

A retrospective study by Furman-Haran et al. included 20
women undergoing NAC and compared DTI parameters with
DCE-MRI in the ability to monitor treatment response (145).
Results showed that the post NAC change in multiple DTI
parameters, including MD, l1, l2, and maximal anisotropy
(l1-l3) differentiated responders from non-responders after
NAC, with the highest AUC seen with MD, l1 and l2 (145).
The change in FA was not statistically significant (145). Pre-NAC
DTI parameters however showed low diagnostic performance in
the ability to predict NAC response (145). Tumor size changes
following NAC measured by DTI were of comparable accuracy
to that of DCE and found to also be a significant discriminator
between responders and non-responders (145). Residual tumor
diameter correlated well with the postoperative pathological
tumor diameter (145).

At present, no standard DTI protocol exists, with varied
selection of b-values and numbers of diffusion gradients seen
across studies, which may affect the resultant DTI metrics. It has
also been demonstrated that DTI is prone to artifacts at high b-
values and high resolution, common to other EPI-based
sequences, which affect interpretation of the DTI parameters
(146). A study by Yamaguchi et al. found superior diagnostic
performance of DTI based on rs-EPI compared to DWI based on
ss-EPI, which was attributed to improved lesion conspicuity and
diminished blurring artifact (144). Further studies are needed to
establish a standardized protocol and threshold values for
practical clinical use.

Intravoxel Incoherent Motion (IVIM)
Diffusion-weighted imaging and subsequent ADC measurement
are influenced by both Gaussian and non-Gaussian diffusivity,
which includes microcapillary perfusion. The intravoxel
incoherent motion (IVIM) model, first introduced in 1986 by
Le Bihan et al., provides a method to separate the contribution of
micro-perfusion from tissue diffusivity to the diffusion-weighted
signal (147). Using the following biexponential decay model,

S
S0

�
= fe−b D+D ∗ð Þ + 1 − fð Þe−bD ½2�

and multiple b-values, the following parameters can be attained:
water diffusion through tissue (D or Dt), pseudo-diffusion from
perfusion (D*, Dp or Df) and the perfusion fraction (f, fp, or
fIVIM). First applied to the breast in 2011 by Sigmund et al., the
IVIMmodel has been increasingly studied and shown promise in
the evaluation of breast lesions (148).

The IVIM parameters have been shown to aid in the
discrimination of malignant from benign breast lesions. In
multiple studies, malignant lesions showed significantly
decreased tissue diffusivity (Dt) values and increased perfusion
fraction (fp) values compared to benign lesions and normal
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breast parenchyma (36, 149–162). A recently published review of
fifteen studies yielded sensitivity of 87 ± 10% and specificity of 79
± 17% for Dt in malignant lesions, and a sensitivity of 81 ± 7%
and specificity of 75 ± 3% for fp (163). In terms of diagnostic
performance, multiple studies found that at least one IVIM
metric, most consistently Dt, outperforms ADC, with one
study finding an increased AUC when Dt and fp are combined
(0.84 vs 0.75 for Dt alone, and 0.79 for fp alone) (Figure 6) (36,
152–155, 157–159).

Direct comparison and correlation of IVIM parameters with
standard DCE-MRI has been performed (155, 157, 165). In a few
studies, Dt outperformed DCE-MRI derived parameters with an
overall increased AUC when IVIM and DCE-MRI parameters
were combined (AUC 0.99 with combination of Dt and time-
signal intensity curve (157); AUC 0.93 with multivariate
combination of IVIM and DCE parameters (155, 157, 165).
Multiparametric approaches combining IVIM and other non-
Gaussian DWI parameters also have shown increased diagnostic
accuracy, with one study by Lima et al. demonstrating BI-RADS
equivalent scores (150). These findings suggest that the addition
of IVIM metrics to standard DCE-MRI may improve diagnostic
accuracy, and that IVIM may represent a non-invasive
alternative to DCE-MRI.

The role of IVIM in the non-invasive identification of
prognostic factors in breast cancer has also been investigated.
Multiple studies found a correlation between Dt and ER
expression (36, 56, 161, 166). Zhao et al. also found that the
D* and Dt significantly correlated with ER and PR expression
and Luminal A subtypes (161). Luminal B subtypes in this study
showed significantly decreased fp, with significantly diminished
peritumoral fp values among HER2 positive lesions compared to
HER2 negative lesions, a finding which may reflect diminished
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central perfusion secondary to intratumoral necrosis (161). The
IVIM parameters D*, fp and Dt correlated with TNBC status,
with increased fp values along the tumor edge compared to other
subtypes and increased peritumoral D* values, which may
suggest a high degree of invasiveness (161). The work by Zhao
et al. showed that applying IVIM metrics to the peritumoral and
tumor edge may shed light on the underlying pathophysiology.

Multiple studies found a correlation between Dt values and
Ki-67 expression (149, 161, 162, 167, 168), with two of these
studies demonstrating a correlation with fp values (161, 168).
Evaluation of the association of IVIM metrics with lymph node
metastases and histologic grade, however, have yielded
conflicting results (56, 159, 161, 166, 168).

A study by Lee et al. investigated the association of IVIM
parameters with two markers of tumor angiogenesis,
microvascular density (MVD) and vascular endothelial growth
factor (VEGF), in patients with breast cancer using 4 different
curve fitting algorithms (169). The authors found significant
associations between multiple perfusion related parameters and
VEGF using a linear regression model to determine Dt and fp at
high b values, and linear regression to determine D* at low b
values (≤50 s/mm2) (169). However, no association was found
between MVD and IVIM parameters obtained by the 4 different
curve fitting algorithms, and additional studies are needed to
determine if there is a correlation (169).

Histogram analysis of IVIM parameters performed by a few
groups demonstrated the potential to distinguish breast cancer
subtypes and additional prognostic factors (36, 166, 170). As
opposed to the majority of studies where the average values for
IVIM metrics are obtained, histogram analysis appears to
provide additional information of the distribution of the
metrics, including skewness and kurtosis, which better reflect
tumor heterogeneity.

A few studies evaluating the ability of IVIM parameters to
predict treatment response have shown conflicting results. Two
studies reported increased Dt values following NAC in the
responder (or pCR) group (171, 172), whereas two other
studies did not find significant differences between groups (70,
173). The small sample sizes in these studies may account for the
observed differences, warranting further investigation with
larger cohorts.

Direct comparison across studies is limited due to the
variability in the methods of image acquisition and data
analysis, as the choice of curve fitting methods and b-values
have been shown to affect IVIM metrics (174, 175).

The b-value selection significantly affects IVIM metrics. A
threshold value of 200 s/mm2 has been used, with perfusion
effects predominating below 200 s/mm2 and diffusion effects
predominating above 200 s/mm2 (150, 151, 153, 174). However,
a variety of threshold b-values have been used in breast studies
and there is currently no consensus on the optimal threshold or
b-values choice. A study by Chen et al. aimed to determine the
optimal threshold b-value and found an optimal cutoff value of
300 s/mm2 discriminated diffusion from perfusion effects (176).
Ongoing research efforts aim to determine the optimal b-values.
For example, Cho et al. compared a free (conventional
constrained least squares fit) versus a segmented (two step
FIGURE 6 | Effects of pseudo-diffusion on DWI signal. Signal curves in the
presence of increasing IVIM effects deviate from the simple mono-exponential
curve (fp=0, black line). The components have unique coefficients Dt = 0.001
s/mm2 and D* = 0.02 s/mm2 with relative proportions given by the pseudo-
diffusion fraction fp (164). (Courtesy of Igor Vidić, PhD, previously at the
Department of Physics, Norwegian University of Science and Technology,
Trondheim, Norway).
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constrained analysis) fitting method for both conventional or
optimized b-values (174). This group found that the IVIM values
differed significantly according to the sampling method, with a
segmented method for optimized b-values showing the highest
accuracy and precision (174).

Several studies have investigated different fitting and analysis
methods for IVIM in order to increase accuracy and differentiation
between lesion type. Suo et al. compared three frequently used
calculationmethods in women with biopsy proven IDC and found
significantly higher precision when using either of the applied two
step calculation methods compared to the conventional free fitting
model (175). Most IVIMmetrics differed significantly according to
the calculation method, with a significantly larger fp value with the
free fitting model (175).

Bayesian fitting approaches have been investigated as an
alternative to nonlinear least squares fitting (177, 178). The
Bayesian model uses prior knowledge or assumptions of the
system to provide estimates of IVIM parameters for pixels with a
high degree of data fitting uncertainty, decreasing heterogeneity
in the parameter maps (177). A study by While et al. compared
the performance of multiple Bayesian modeling approaches with
least squares-based approaches on simulated breast and liver
tissue (177). In terms of relative error and estimator deviation,
Bayesian approaches outperformed both full and segmented least
squares-based methods (177). However, in areas of high
parameter uncertainty, certain features disappeared, potentially
masking important tissue characteristics and limiting
interpretation (177). This study also showed that segmented
least squares approach was superior to the full nonlinear
approach in the breast (177).

Alternative methods of data analysis have been proposed. In
one such method called the exhaustive approach, the parameters
are derived from comparing the raw signal to an exhaustive
database of simulated signals, comprised of a large set of
parameter combinations (153). This method may provide a
better estimation of IVIM metrics by eliminating the local
minima issue seen in fitting models, but it requires high
processing power (153). An additional method, termed the
simplified approach, uses only three b-values to calculate
the relative enhanced diffusivity (RED), a metric that pools the
effects of ADC mapping and IVIM modeling (179, 180). A study
by Teruel et al. found that the RED differentiated malignant from
benign breast lesions with an overall accuracy of 90% using b-
values of 0, 200 and 700 s/mm2 (180).

Diffusion Kurtosis Imaging (DKI)
Diffusion kurtosis imaging (DKI) is an extension of DWI in
which both Gaussian and non-Gaussian diffusion distributions
are quantified, providing added insight into the tissue
microstructure (181). DKI yields the parameters mean
diffusivity (D), representing Gaussian diffusion, and mean
kurtosis (MK, K), a unitless metric representing the degree of
non-Gaussian diffusion. The DKI model is the following:

ln
S bð Þ
S 0ð Þ ≈ −bD +

1
6
b2D2K ½3�
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where S(b) is the DW signal with non-zero diffusion weighting, S
(0) the signal without diffusion weighting, and b the diffusion
weighting factor (181). As malignant lesions proliferate, increased
cellularity results in decreased extracellular space and increased
microstructural complexity (i.e. cell membranes and organelles),
impairing Gaussian diffusion (182). The degree of deviation from
Gaussian diffusion can be quantified by K, with increasing K value
reflecting increasing deviation (Figure 7) (181).

The potential of DKI parameters in the characterization of
breast lesions has been investigated. Multiple studies have found
that malignant lesions demonstrate a significantly higher K
(0.61-1.13) and lower D (1.01-1.52 × 10-3 mm2/s) values
compared to benign lesions (K of 0.37-0.69; D of 1.52-2.17 ×
10-3 mm2/s) (56, 150, 153, 182–188). Further, DKI studies have
also shown promise in the K value for differentiating breast
lesion types, as K was significantly higher in invasive cancers
(0.93-0.94) compared to DCIS (0.78-0.81) (56, 188). Nogueira
et al. found that K could differentiate a fibroadenoma from
fibrocystic change (0.48 vs 0.25) (184).

Histogram analysis has been applied to the kurtosis model in
two studies, in which it was found that histogram metrics within
each individual group outperformed the mean values, which are
typically used in standard diffusion kurtosis imaging (185, 189).
Visualization of tumor heterogeneity via histogram analysis may
result in identification of the most aggressive portions of the
lesions and therefore increase diagnostic accuracy in the
discrimination of benign and malignant lesions.

In terms of diagnostic performance, few reporting studies
demonstrated a high AUC for both D and K in discriminating
benign from malignant lesions (153, 182–184). Compared to
ADC, kurtosis metrics in some studies demonstrate increased
superior diagnostic performance (190), while in others, there was
no significant difference (56, 187, 191).

The association of prognostic factors with kurtosis metrics
has also been investigated, with studies yielding conflicting
results. A few studies found a positive correlation between K
and high histologic grade (186, 187, 190), while others showed no
association (56, 191). Others also showed significantly increased
K value with elevated Ki-67 expression (168, 186, 187, 190), while
one found no significant association (108). Studies evaluating the
correlation between kurtosis metrics and hormone receptor
expression, HER2 status, and lymph node involvement also
show varying results (56, 168, 186, 190).

The ability of DKI metrics to predict recurrence risk of breast
cancer was evaluated by Wu et. al, and a significant difference
was found among multiple histogram kurtosis metrics (Dmean,
D50%, Kmean, K30%, K50%, K70%) and the low, intermediate and
high RS groups (192). Specifically, the K50% demonstrated the
strongest correlation with risk scores and showed potential as a
biomarker for the prediction of breast cancer recurrence.

Overall, the mixed performance of DKI in discriminating
lesion malignancy and subtypes warrants critical evaluation into
the sources of discrepancies prior to translation into clinical
practice. For instance, Mlynarska-Bujny et al. found that
residual fat signal from incompletely fat-suppressed DWI images
significantly reduced the diagnostic performance of DKI measures
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and proposed an additional fat correction term to account for fat-
related signal contamination (193). Differences in experimental
technique (e.g., diffusion time interval), analysis method, ROI
selection, and subject variability seem to considerably influence
DKI measures. Low SNR from high b-values and long scan times
from an increased number of b-values needed for kurtosis
modeling have also contributed to fewer clinical studies
evaluating DKI (194). Future studies should aim to characterize
the variation in DKI across acquisition parameters and provide
recommendations for a standardized protocol.

Synthetic ADC (sADC)
There are several techniques where collecting multiple b-values is
desired, however this process consumes scan time. Synthetic or
shifted ADC (sADC), potentially addresses the issue of increased
scan time by calculating the sADC at two shifted b-values,
typically 200 s/mm2 and 1500 s/mm2, with the aim of
capturing both Gaussian and non-Gaussian diffusion (150). A
reader study conducted by Iima et al. compared sADC (using b-
values=200 and 1500 s/mm2) to two integrated diagnostic
approaches (combined thresholds approach using IVIM and
kurtosis parameters and a Bayesian approach) in the
characterization of breast lesions (150). The “combined
thresholds” approach calculated the K and ADC at b=0 s/mm2

using the kurtosis model and combined them with fIVIM to create
a single metric comparable to the BI-RADS score. The Bayesian
approach used the fIVIM, ADC0 and K within each individual
lesion to create a probability for BI-RADS categories. The three
approaches had high positive predictive value (for radiologists A
and B, respectively: combined thresholds, 92.3% and 90.1%;
Bayesian approach, 94.6% and 89.7%; and sADC approach,
92.3% and 93.2%), comparable with BI-RADS (93.8%) (150).
Furthermore, sADC values differed significantly according to
histologic subtypes (P = 0.006). While sADC did not
demonstrate higher overall diagnostic performance compared
to BI-RADS, the results of the study indicate the parameter’s
potential as a non-contrast diagnostic tool. Another study by
Choi et al. compared synthetic DWI at b-values of 1000 and 1500
s/mm2 with conventional DWI at b-values of 800 and 1500 s/
mm2 in a group of 50 individuals with breast cancer (195).
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sDWI1500 showed increased lesion conspicuity compared to
conventional DWI1500, similar to the results of a study by
Bickel et al. (196). Although sDWI1500 demonstrated decreased
overall image quality compared to conventional DWI1500, the
difference in cancer detection rate was not statistically significant
(195). While sADC may demonstrate potential as a rapid
alternative to DCE-MRI or conventional DWI, larger studies
are needed to better evaluate its diagnostic performance in the
breast. The limitation of the synthetic higher b-value is that
although it may improve tumor conspicuity, it does not reflect
true physiologic assessment associated with real higher b-
value data.

Stretched Exponential Model
The stretched exponential model is another emerging non-
Gaussian diffusion technique that provides added information
about diffusion heterogeneity. Parameters include the distributed
diffusion coefficient (DDC), which represents the mean
intravoxel diffusion rate, and alpha (a), a value between 0 and
1 which quant ifies the degree of dev ia t ion f rom
monoexponential behavior. An alpha value of 1 represents
pure Gaussian diffusion whereas lower values represent
diffusion heterogeneity and represent a potential surrogate for
tissue complexity (56). Significantly lower DDC and alpha values
have been demonstrated in malignant lesions (DDC: 0.72-1.00 ×
10–3 mm2/s, a: 0.62-0.78) compared to benign lesions (DDC:
1.22-1.84 × 10–3 mm2/s, a: 0.67-0.90) and normal breast tissue
(DDC: 1.38-1.83 × 10–3 mm2/s, a: 0.74-0.86) (Figure 8) (56,
197–200). A few studies have also demonstrated that DDC can
discriminate invasive breast cancer from DCIS (56, 199) (56).

A study by Suo et al. compared the diagnostic utility of the
monoexponential, biexponential, stretched exponential, and
kurtosis models in the evaluation of breast lesions (56). The
group found a negative correlation between alpha level and
tumor size and Ki-67 expression, which is consistent with the
hypotheses that larger tumors and those with higher Ki-67
expression (a marker of cellularity) demonstrate increased
microperfusion and microstructural heterogeneity. The study
also found significantly lower DDC values for ER positive tumors
compared to ER negative tumors (0.68 versus 0.77) (56).
FIGURE 7 | Example of DKI analysis using b-values of 0, 500, 1000, and 2000 s/mm2, compared to conventional ADC images using b-values of 0 and 1000 s/mm2

and DCE-MRI peak intensity subtraction (1 min 30 s post-contrast). Invasive ductal carcinoma in a 67-year-old patient is indicated by the yellow arrow. The lesion
displays higher mean kurtosis (Kapp) than surrounding healthy tissue. Images were acquired using a wide-bore 3T scanner, and mean kurtosis and diffusivity (Dapp)
were calculated as previously demonstrated (181).
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Regarding goodness-of-fit assessment, the kurtosis model best
characterized benign voxels, while the stretched exponential
model best characterized malignant voxels. Though multiple
non-monoexponential parameters correlated significantly with
malignancy, the diagnostic accuracy was not superior to
conventional ADC, suggesting that these metrics may provide
additional information for tissue characterization but that ADC
may remain the standard for breast cancer diagnosis (56).

Signature Index
Another diffusion weighted technique which may mitigate the
issue of complex post-processing and long acquisition times is
the Signature index (s-index) proposed by Goto et al., which
requires acquisitions at only 3 b-values (201). The S-index is a
model free parameter derived from the difference in signal
between the tissue in question and a library of reference DW
signals for both malignant and benign lesions at two key b-values
(201). Using this method, the authors reported comparable
diagnostic performance of the S-index and sADC in the
discrimination of malignant and benign breast lesions (201).
The combination of the S-index with BI-RADS showed the
highest diagnostic accuracy. The S-index was also found to
correlate with HER2 status and PR expression. One potential
drawback is that some of the specificity afforded by individual
parameter values that reflect either microvascular or structural
changes is lost with the S-index (201).

Restriction Spectrum Imaging (RSI)
Restriction spectrum imaging (RSI) is an emerging advanced
DWI techn ique tha t a ims to charac t e r i z e tumor
microenvironment based on the behavior of water molecules in
different tissue-specific water pools (202–204). The RSI model
requires multiple b-values (including b-values up to 4000 s/mm2)
and diffusion directions at a fixed diffusion time in order to
produce maps that differentiate: [1] isotropic restricted
(intracellular), [2] anisotropic hindered (extracellular), and [3]
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free water diffusion compartments (5). This distinction allows for
the isolation of diffusion related changes secondary to
peritumoral edema or necrosis, which often confounds
standard ADC measurements, particularly in the evaluation of
aggressive malignancies. In a small group of patients with high
grade brain tumors, RSI improved lesion conspicuity and
delineation compared to standard DWI (5). Additionally, in
the evaluation of tumor response to antiangiogenic treatment
in a group of patients with recurrent gliomas, RSI was less
affected by medication-induced alterations in edema when
compared to ADC, potentially addressing the issue of
pseudoresponse and providing a method to identify true tumor
response (5).

While initial oncologic applications were in the brain and
prostate, the potential role of RSI in breast cancer is actively
being explored. Rodrıǵuez-Soto et al. found that a three-
component (tri-exponential) RSI model better discriminates
malignant lesions from healthy fibroglandular tissue compared
to a bi-exponential model and conventional ADC, with similar
tumor conspicuity as DCE-MRI (205). In the tri-exponential RSI
breast-specific model, the main outputs are signal contribution
maps of each compartment C1, C2 and C3. The signal
contributions from slow diffusion compartments (C1 and C2)
were larger in malignant lesions than they were in healthy tissue
(Figure 9) (205). In another study, Andreassen et al. utilized the
three-component RSI model to characterize breast lesions in a
group of 106 women with pathology-proven breast cancer (206).
In this study, the RSI derived parameter C1C2, representing the
product of the signal contributions of the slowest components C1

and C2, demonstrated comparable diagnostic accuracy to DCE-
MRI, with an AUC of 0.984 (206). The false positive rate, given a
sensitivity of 80% (FPR80%), of the C1C2 parameter (0.016) was
significantly lower than that of conventional ADC (0.731) and K
(0.684) (206). It is hypothesized that the higher discriminatory
performance of C1C2 could be attributed to the ability of this
parameter to suppress signal from both fibroglandular and fatty
FIGURE 8 | Stretched exponential modeling with b-values of 0, 500, 1000, 1500 and 2000 s/mm2 in a 73-year-old patient with invasive ductal carcinoma.
Distributed diffusion coefficient (DDC) and alpha maps are overlaid on DWI b=0 s/mm2 images, acquired at 3T (56). (Courtesy of Shiteng Suo, PhD, and Jia Hua, MD,
Department of Radiology, Ren Ji Hospital, School of Medicine, Shanghai Jiao Tong University, Shanghai, China).
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tissues, as well as maintain the signal contribution from T2 that
further differentiates these tissues (206). A case report by
Rodrıǵuez-Soto et al. demonstrated the ability of RSI to isolate
different water pools in the breast by significantly increasing
lesion conspicuity in a lactating woman (high BPE) with biopsy
proven IDC compared to both DCE-MRI and conventional DWI
(207). Thus, emphasizing the utility of the technique in
identifying active disease separate from edema from a lactating
breast. Studies of RSI in the breast have thus been performed in
patients with known malignancy, and like other diffusion
techniques may be challenged in evaluating small lesions. Next
steps include adapting RSI to high resolution diffusion imaging,
thus allowing the technique to be useful in a screening
population (208)

Time Dependent Diffusion (TDD)
While ADC values obtained from conventional DWI reflect
tissue cellularity, it cannot specifically differentiate underlying
sub-cellular parameters such as cell size or density (209). Time
dependent diffusion, sometimes called temporal diffusion
spectroscopy, has shown potential as an emerging parameter to
provide added information about the intracellular space, and
thereby further characterize tissue biology (209).

Lima et al. demonstrated the time dependence of the ADC
value in breast cancer xenografts, with increasing ADC values
with increasing diffusion time (210). A few geometric models
applied to the diffusion weighted signal, some of which utilize
oscillating gradient spin echo (OGSE) acquisitions in addition to
pulsed gradient spin echo (PGSE), quantified intracellular
diffusion restriction and provided adequate estimates of cell
size and intracellular volume (209, 211).

Teruel et al. applied a stimulated echo acquisition mode
(STEAM) with multiple diffusion times to normal and
pathologic breasts and used a DTI model to fit the data
(Figure 10). Results showed differences in the estimation of
the radial diameter and diffusion length scales for healthy
fibroglandular tissue, a simple cyst, and malignant lesions.
Complete fat suppression was also seen with longer diffusion
times, allowing for more accurate T1 mapping (212).
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A few groups have shown that TDD methods increase lesion
contrast and may play a role in assessment of treatment response
by detecting changes in cell size (211, 213–215). More research is
needed to fully understand the application of TDD In
breast cancer.

Radiomics
With the growth of precision medicine comes an opportunity for
radiologists to add value by providing relevant information about
the patient’s underlying disease in a non-invasive manner.
Radiomics is a method of extracting and analyzing large
amounts of advanced quantitative data to create a mineable
database (216, 217). This data is then used to create analytic and
predictive models to correlate radiomic features with diagnostic
and prognostic information. Ideally, these radiomic features or
signatures would provide insight to the underlying tumor
biology and contribute to individualized treatment (216). The
standard radiomic process includes 1) image acquisition and
reconstruction, 2) image segmentation 3) feature extraction and
qualification, and 4) database creation (216, 217).

Ye et al. provided an in depth review of the application of
radiomics in breast MRI (216). Although most of the studies
were based on DCE modalities, a few were multiparametric and
included DWI acquisitions, and even fewer utilized only DWI.
For this review, only studies that included DW images will
be discussed.

A few groups have evaluated the ability of radiomic models to
characterize breast lesions.

Bickelhaupt et al. reported that a Radiomics model based on
DKI in the evaluation of mammographic BI-RADS 4 and 5 lesions
outperformed ADC and K alone, with improved specificity and a
reduction in the number of false positive results by 70% (218). A
few multiparametric studies have also demonstrated the ability of
radiomic models to differentiate benign from malignant lesions
(219–221). Zhang et al. demonstrated an AUC of 0.921 and
accuracy of 0.833 in discriminating lesions when using a model
based off of T2 weighted, DKI, and quantitative DCE-MRI
parameter maps (221). Parekh and Jacobs presented a new
radiomic feature mapping framework created from multiple MR
FIGURE 9 | Example of three-compartment RSI analysis in a 49-year-old patient with invasive ductal carcinoma. C1, C2, and C3 maps correspond to the slowest,
intermediary, and fastest diffusion compartments, respectively. The lesion, indicated by the white arrow, is hypointense on C1 and C2 maps compared to surrounding
healthy tissue, whereas there is little difference in the C3 compartment, which is suggested to correspond to vasculature. The product of C1 and C2 (C1C2) results in
the greatest tumor conspicuity. DWI images were acquired at b = 0, 500, 1500, and 4000 s/mm2 on a 3T scanner, with 50% reduced FOV and without parallel
imaging (206).
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sequences and evaluated the utility of this method in the
characterization of breast lesions. Authors reported significant
differences in textural features between malignant and benign
lesions, with an overall sensitivity and specificity of 93% and
85%. Radiomic feature maps provide the added benefit of visual
interpretation of feature values as well as lesion heterogeneity (222).

Recent studies have also evaluated the role of radiomics in the
prediction of breast cancer subtypes and other prognostic
factors. Holli-Helenius et al. reported that the texture features
sum entropy and sum variance significantly differed between
Luminal A and Luminal B subtypes, with a AUC of 0.876 for the
combined radiomic model (223). Other studies have also
demonstrated the potential of texture analysis to discriminate
among different breast cancer subtypes (224–226). A study by
Leithner et al. showed improved accuracy for breast cancer
subtype classification when segmentation was performed on
the ADC maps, with the highest discriminatory ability seen
with Luminal B and HER2 enriched subtypes (227).

In a study by Dong et al., a radiomic model derived from a
combination of T2-FS and DWI textural features demonstrated
high performance in the prediction of axillary lymph node
metastases, with an AUC of 0.863 in the training set and 0.805
in the validation set (228). Another group created predictive
models from T1WI, T2WI, DWI and the second post-contrast
phase of DCE sequences, and reported an AUC of 0.85 for DWI
alone in the prediction of axillary lymph node metastases (229).
The highest performance was reported for the model based off of
CE2 images with kinetic features, with an AUC of 0.91 (229). No
additional performance benefit was found when features from all
four sequences were combined, suggesting that DWI radiomic
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signatures may not play as important a role in the preoperative
prediction of axillary lymph node metastases (229).

A few groups have also shown good performance in the ability
of radiomic models to predict Ki-67 expression (AUC 0.7 – 0.888)
(230–232). A study by Fan et al. found that radiomic analysis of
“super resolution” (SR) ADC images better predicted histologic
grade and Ki-67 expression compared to features based on
conventional ADC images, demonstrating the potential added
diagnostic value of a SR technique (233).

The degree to which DWI-based radiomic analyses can
predict response to NAC has been investigated by a few
groups. Liu et al. found that a radiomics model derived from
multiparametric MRI and clinical information better predicted
pCR to NAC than individual clinical models and radiomic
signatures (234). A model built from pretreatment texture and
kinetic parameters significantly helped predict nonresponders
with 84% sensitivity in another study (235). A study by Panzeri
et al., however, reported no significant correlations between ADC
texture radiomic signatures and response to NAC, but
parameters derived from DCE-MRI showed utility in
predicting response (236).

Comparison across studies is limited as the methods and
population sizes used to develop radiomic signatures vary. The
role of DWI in radiomics remains under active investigation,
many groups demonstrated the potential to aid in the diagnosis,
prognosis and surveillance of breast cancer.

Ultra-High Field Strength
Increasing the field strength is another method in which
diffusion-weighted imaging may be improved. The increased
CNR and SNR at higher field strengths lead to improved
spatial and temporal resolution, which may increase lesion
conspicuity and detection. A meta-analysis by Shi et al.
included 61 studies comprising 5205 breast lesions and found
no significant difference in the diagnostic performance of DWI in
the differentiation of malignant and benign lesions at 1.5 T
compared to 3 T (32).

Several technical limitations arise when increasing the field
strength, particularly at ultra-high fields (7T and above). At 7T,
DWI must overcome limitations due to the increased specific
absorption rate (SAR) in addition to heterogeneous fat
suppression and T2* blurring, which degrade image quality. A
few groups have mitigated these issues through the use of
bilateral coil designs and demonstrated the feasibility of DWI
of the breast at 7T (Figure 11) (26, 237–240).

Bogner et al. showed that combination of rs-EPI DWI with
parallel imaging at 7T significantly reduced artifacts and
improved image quality, with submillimeter resolution and
good diagnostic performance in the characterization of breast
lesions (238). A study by Gruber et al. compared DWI of breast
lesions at 7T versus 3T using rs-EPI and found increased
sensitivity (100% compared to 94%) at 7T for the same ADC
threshold and specificity, comparable SNR and CNR, and a 2.4
times higher spatial resolution. These findings suggest that 7T
may aid in the detection of smaller lesions that otherwise are
more difficult to visualize (239).
FIGURE 10 | Example of STEAM analysis in a healthy volunteer. The
protocol collected a prototype STEAM-DTI sequence with two b-values (0,
500 s/mm2) in six directions with parallel imaging in a 3T scanner. Axial
diffusivity (AD, first row) and radial diffusivity (RD, second row) [µm2/ms]
parametric maps at the shortest and longest diffusion time for healthy
fibroglandular tissue are shown (212). (Courtesy of Jose Teruel, PhD,
Department of Radiation Oncology, NYU Langone Medical Center, New York,
New York, USA).
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Multiparametric MRI of the breast at 7T was also performed
by a few groups (26, 237, 240). Of note, Pinker et al. generated
excellent quality images and found that multiparametric MR
eliminated false negative findings and decreased the number of
false positive findings in 40 women (26). Clinically, this may
translate into a reduced number of unnecessary biopsies and
improved diagnostic accuracy.

Though most of the literature consists of a few studies with
small sample sizes, the results are promising with the main
limitation being the general lack of accessibility to 7T scanners
for most patients (and breast imaging researchers).
DISCUSSION

An abundance of evidence has shown the utility of DWI as an
imaging biomarker for breast cancer, with applications ranging
from screening, lesion detection and characterization, and
treatment response evaluation. The monoexponential ADC has
shown promise in differentiating benign and malignant lesions;
however, significant overlap in reported ADC ranges for these
tissues limit the clinical utility of ADC cutoffs. Further, there
have been conflicting results in the ability of ADC in
discriminating lesion subtypes, likely owing to varying study
design and protocol differences. Recently, the ACRIN 6698 trial
showed high precision in a multi-institution and multi-platform
setting, marking a milestone in the validation of DWI as a
biomarker in breast imaging and highlighting the need for
standardized protocols. As a result, a breast section was
incorporated into the 2019 QIBA profile, providing guidance
for implementation in community practice.

As described throughout this review, some advanced DWI
models require data acquisition at high b-values, which increases
susceptibility to B0 inhomogeneity-induced artifacts and noise,
especially for EPI-based sequences. Thus, several methods have
been proposed to address this issue, but are beyond the scope of
Frontiers in Oncology | www.frontiersin.org 17
this review (241). An additional limitation of breast DWI is that
due to the breast’s underlying tissue complexity (e.g. intricate
composition of fat, fibroglandular tissue and cancers),
measurements of DWI-derived parameters in tissues different
from fat tend to be underestimated unless adequate fat
suppression is achieved (182). Moreover, the monoexponential
ADC, which assumes Gaussian diffusion, may not completely
capture the complex diffusivity properties of the breast, especially
in lesions which display increased tissue heterogeneity. This may
explain the conflicting results observed across multiple studies.

To circumvent the limitations of standard ADC, advanced
diffusion modeling techniques such as DKI, DTI, IVIM, and RSI
mayprovideadded informationontheunderlyingmicroenvironment
by characterizing thenon-Gaussiandiffusionwithin tissues.Although
promising, the advancedmodeling techniques discussed in this paper
require further validation through multi-institution studies,
optimization of protocol parameters, and demonstration of
repeatability and reproducibility prior to use in clinical practice.

With continued research on methods to improve standard
DWI, such as increasing field strength and alternative acquisition
techniques, advanced modelling techniques, and radiomics, DWI
may play an increasingly important role in the evaluation of
breast cancer.
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53. Tezcan Ş, Uslu N, Öztürk FU, Akçay EY, Tezcaner T. Diffusion-Weighted
Imaging of Breast Cancer: Correlation of the Apparent Diffusion Coefficient
Value With Pathologic Prognostic Factors. Eur J Breast Health (2019) 15
(4):262–7. doi: 10.5152/ejbh.2019.4860

54. Amornsiripanitch N, Nguyen VT, Rahbar H, Hippe D, Gadi VK, Rendi MH,
et al. Diffusion-Weighted MRI Characteristics Associated With Prognostic
Pathological Factors and Recurrence Risk in Invasive ER+/HER2– Breast
Cancers. J Magn Reson Imaging (2018) 48(1):226–36. doi: 10.1002/
jmri.25909

55. Surov A, Clauser P, Chang Y-W, Li L, Martincich L, Partridge SC, et al. Can
Diffusion-Weighted Imaging Predict Tumor Grade and Expression of Ki-67
in Breast Cancer? AMulticenter Analysis. Breast Cancer Res (2018) 20(1):58.
doi: 10.1186/s13058-018-0991-1

56. Suo S, Cheng F, Cao M, Kang J, Wang M, Hua J, et al. Multiparametric
Diffusion-Weighted Imaging in Breast Lesions: Association With Pathologic
Diagnosis and Prognostic Factors: DWI in Breast Lesions. J Magn Reson
Imaging (2017) 46(3):740–50. doi: 10.1002/jmri.25612

57. Goldhirsch A, Wood WC, Coates AS, Gelber RD, Thürlimann B, Senn H-J,
et al. Strategies for Subtypes–Dealing With the Diversity of Breast Cancer:
Highlights of the St. Gallen International Expert Consensus on the Primary
Therapy of Early Breast Cancer 2011. Ann Oncol: Official J Euro Soc Med
Oncol (2011) 22(8):1736–47. doi: 10.1093/annonc/mdr304

58. Meyer H-J, Wienke A, Surov A. Diffusion Weighted Imaging of Different
Breast Cancer Molecular Subtypes. A Systematic Review and Meta Analysis.
Breast Care (Basel) (2022) 17(1):47–54. doi: 10.1159/000514407

59. Surov A, Meyer HJ, Wienke A. Associations Between Apparent Diffusion
Coefficient (ADC) and KI 67 in Different Tumors: A Meta-Analysis. Part 1:
July 2022 | Volume 12 | Article 844790

https://doi.org/10.2214/AJR.08.2139
https://doi.org/10.1148/radiol.10091367
https://doi.org/10.1148/radiol.2019182510
https://doi.org/10.1148/radiol.2019182510
https://doi.org/10.1186/1471-2407-10-693
https://doi.org/10.1002/jmri.21854
https://doi.org/10.1016/j.clbc.2017.06.011
https://doi.org/10.1016/j.clbc.2017.06.011
https://doi.org/10.1186/s12885-019-6201-4
https://doi.org/10.1186/s12885-019-6201-4
https://doi.org/10.4103/0973-1482.154093
https://doi.org/10.4103/jcrt.JCRT_607_18
https://doi.org/10.1007/s00330-015-4087-3
https://doi.org/10.1002/jmri.26697
https://doi.org/10.1200/JCO.1999.17.8.2334
https://doi.org/10.1186/s12957-016-0906-5
https://doi.org/10.1002/jmri.24934
https://doi.org/10.3892/ol.2019.10651
https://doi.org/10.1007/s11547-014-0442-8
https://doi.org/10.1007/s11547-014-0442-8
https://doi.org/10.1186/s12885-019-6298-5
https://doi.org/10.1002/jmri.25612
https://doi.org/10.1002/jmri.24519
https://doi.org/10.1259/bjr/79381464
https://doi.org/10.4103/0973-1482.150418
https://doi.org/10.4103/0973-1482.150418
https://doi.org/10.1007/s00330-018-5667-9
https://doi.org/10.1371/journal.pone.0235278
https://doi.org/10.1259/bjr.20170705
https://doi.org/10.1259/bjr.20170705
https://doi.org/10.1007/s00330-012-2403-8
https://doi.org/10.1007/s00330-012-2403-8
https://doi.org/10.2463/mrms.2012-0095
https://doi.org/10.5152/ejbh.2019.4860
https://doi.org/10.1002/jmri.25909
https://doi.org/10.1002/jmri.25909
https://doi.org/10.1186/s13058-018-0991-1
https://doi.org/10.1002/jmri.25612
https://doi.org/10.1093/annonc/mdr304
https://doi.org/10.1159/000514407
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Mendez et al. Review of Diffusion Breast MRI
ADCmean. Oncotarget (2017) 8(43):75434–44. doi: 10.18632/
oncotarget.20406

60. Cheon H, Kim HJ, Kim TH, Ryeom H-K, Lee J, Kim GC, et al. Invasive
Breast Cancer: Prognostic Value of Peritumoral Edema Identified at
Preoperative MR Imaging. Radiology (2018) 287(1):68–75. doi: 10.1148/
radiol.2017171157

61. Kettunen T, Okuma H, Auvinen P, Sudah M, Tiainen S, Sutela A, et al.
Peritumoral ADC Values in Breast Cancer: Region of Interest Selection,
Associations With Hyaluronan Intensity, and Prognostic Significance. Eur
Radiol (2020) 30(1):38–46. doi: 10.1007/s00330-019-06361-y

62. Panzironi G, Moffa G, Galati F, Marzocca F, Rizzo V, Pediconi F.
Peritumoral Edema as a Biomarker of the Aggressiveness of Breast
Cancer: Results of a Retrospective Study on a 3 T Scanner. Breast Cancer
Res Treat (2020) 181(1):53–60. doi: 10.1007/s10549-020-05592-8

63. Thompson AM, Moulder-Thompson SL. Neoadjuvant Treatment of Breast
Cancer. Ann Oncol (2012) 23:x231–6. doi: 10.1093/annonc/mds324

64. Yeh E, Slanetz P, Kopans DB, Rafferty E, Georgian-Smith D, Moy L, et al.
Prospective Comparison of Mammography, Sonography, and MRI in
Patients Undergoing Neoadjuvant Chemotherapy for Palpable Breast
Cancer. Am J Roentgenol (2005) 184(3):868–77. doi: 10.2214/
ajr.184.3.01840868

65. Gu Y-L, Pan S-M, Ren J, Yang Z-X, Jiang G-Q. Role of Magnetic Resonance
Imaging in Detection of Pathologic Complete Remission in Breast Cancer
Patients Treated With Neoadjuvant Chemotherapy: A Meta-Analysis. Clin
Breast Cancer (2017) 17(4):245–55. doi: 10.1016/j.clbc.2016.12.010

66. Gao W, Guo N, Dong T. Diffusion-Weighted Imaging in Monitoring the
Pathological Response to Neoadjuvant Chemotherapy in Patients With
Breast Cancer: A Meta-Analysis. World J Surg Oncol (2018) 16(1):145.
doi: 10.1186/s12957-018-1438-y

67. Chu W, Jin W, Liu D, Wang J, Geng C, Chen L, et al. Diffusion-Weighted
Imaging in Identifying Breast Cancer Pathological Response to Neoadjuvant
Chemotherapy: A Meta-Analysis. Oncotarget (2017) 9(6):7088–100.
doi: 10.18632/oncotarget.23195

68. Shin HJ, Baek H-M, Ahn J-H, Baek S, Kim H, Cha JH, et al. Prediction of
Pathologic Response to Neoadjuvant Chemotherapy in Patients With Breast
Cancer Using Diffusion-Weighted Imaging and MRS. NMR Biomed (2012)
25(12):1349–59. doi: 10.1002/nbm.2807

69. Li X, Cheng L, Liu M, Zhang Y, Wang J, Zhang A, et al. DW-MRI ADC
Values can Predict Treatment Response in Patients With Locally Advanced
Breast Cancer Undergoing Neoadjuvant Chemotherapy. Med Oncol (2012)
29(2):425–31. doi: 10.1007/s12032-011-9842-y

70. Bedair R, Priest AN, Patterson AJ, McLean MA, Graves MJ, Manavaki R,
et al. Assessment of Early Treatment Response to Neoadjuvant
Chemotherapy in Breast Cancer Using non-Mono-Exponential Diffusion
Models: A Feasibility Study Comparing the Baseline and Mid-Treatment
MRI Examinations. Eur Radiol (2017) 27(7):2726–36. doi: 10.1007/s00330-
016-4630-x

71. Woodhams R, Kakita S, Hata H, Iwabuchi K, Kuranami M, Gautam S, et al.
Identification of Residual Breast Carcinoma Following Neoadjuvant
Chemotherapy: Diffusion-Weighted Imaging—Comparison With
Contrast-Enhanced MR Imaging and Pathologic Findings. Radiology
(2010) 254(2):357–66. doi: 10.1148/radiol.2542090405

72. Fangberget A, Nilsen LB, Hole KH, Holmen MM, Engebraaten O, Naume B,
et al. Neoadjuvant Chemotherapy in Breast Cancer-Response Evaluation
and Prediction of Response to Treatment Using Dynamic Contrast-
Enhanced and Diffusion-Weighted MR Imaging. Eur Radiol (2011) 21
(6):1188–99. doi: 10.1007/s00330-010-2020-3

73. Bufi E, Belli P, Costantini M, Cipriani A, Di Matteo M, Bonatesta A, et al.
Role of the Apparent Diffusion Coefficient in the Prediction of Response to
Neoadjuvant Chemotherapy in Patients With Locally Advanced Breast
Cancer. Clin Breast Cancer (2015) 15(5):370–80. doi: 10.1016/
j.clbc.2015.02.002

74. Partridge SC, Zhang Z, Newitt DC, Gibbs JE, Chenevert TL, Rosen MA, et al.
Diffusion-Weighted MRI Findings Predict Pathologic Response in
Neoadjuvant Treatment of Breast Cancer: The ACRIN 6698 Multicenter
Trial. Radiology (2018) 289(3):618–27. doi: 10.1148/radiol.2018180273

75. Richard R, Thomassin I, Chapellier M, Scemama A, de Cremoux P, Varna
M, et al. Diffusion-Weighted MRI in Pretreatment Prediction of Response to
Frontiers in Oncology | www.frontiersin.org 20
Neoadjuvant Chemotherapy in Patients With Breast Cancer. Eur Radiol
(2013) 23(9):2420–31. doi: 10.1007/s00330-013-2850-x

76. Agarwal K, Sharma U, Sah RG, Mathur S, Hari S, Seenu V, et al. Pre-
Operative Assessment of Residual Disease in Locally Advanced Breast
Cancer Patients: A Sequential Study by Quantitative Diffusion Weighted
MRI as a Function of Therapy. Magn Reson Imaging (2017) 42:88–94.
doi: 10.1016/j.mri.2017.06.002

77. Sharma U, Danishad KKA, Seenu V, Jagannathan NR. Longitudinal Study of
the Assessment by MRI and Diffusion-Weighted Imaging of Tumor
Response in Patients With Locally Advanced Breast Cancer Undergoing
Neoadjuvant Chemotherapy. NMR BioMed (2009) 22(1):104–13.
doi: 10.1002/nbm.1245

78. Shukla-Dave A, Obuchowski NA, Chenevert TL, Jambawalikar S, Schwartz
LH, Malyarenko D, et al. Quantitative Imaging Biomarkers Alliance (QIBA)
Recommendations for Improved Precision of DWI and DCE-MRI Derived
Biomarkers in Multicenter Oncology Trials. J Magn Reson Imaging (2019) 49
(7):e101–21. doi: 10.1002/jmri.26518

79. Sorace AG, Wu C, Barnes SL, Jarrett AM, Avery S, Patt D, et al.
Repeatability, Reproducibility, and Accuracy of Quantitative MRI of the
Breast in the Community Radiology Setting. J Magn Reson Imaging (2018)
48(3):695–707. doi: 10.1002/jmri.26011

80. Giannotti E, Waugh S, Priba L, Davis Z, Crowe E, Vinnicombe S.
Assessment and Quantification of Sources of Variability in Breast
Apparent Diffusion Coefficient (ADC) Measurements at Diffusion
Weighted Imaging. Eur J Radiol (2015) 84(9):1729–36. doi: 10.1016/
j.ejrad.2015.05.032

81. Jang M, Kim SM, Yun BL, Ahn HS, Kim SY, Kang E, et al. Reproducibility of
Apparent Diffusion Coefficient Measurements in Malignant Breast Masses. J
Korean Med Sci (2015) 30(11):1689–97. doi: 10.3346/jkms.2015.30.11.1689

82. O’Flynn EAM, Morgan VA, Giles SL, deSouza NM. Diffusion Weighted
Imaging of the Normal Breast: Reproducibility of Apparent Diffusion
Coefficient Measurements and Variation With Menstrual Cycle and
Menopausal Status. Eur Radiol (2012) 22(7):1512–8. doi: 10.1007/s00330-
012-2399-0

83. Spick C, Bickel H, Pinker K, Bernathova M, Kapetas P, Woitek R, et al.
Diffusion-Weighted MRI of Breast Lesions: A Prospective Clinical
Investigation of the Quantitative Imaging Biomarker Characteristics of
Reproducibility, Repeatability, and Diagnostic Accuracy. NMR BioMed
(2016) 29(10):1445–53. doi: 10.1002/nbm.3596

84. Newitt DC, Zhang Z, Gibbs JE, Partridge SC, Chenevert TL, Rosen MA, et al.
Test-Retest Repeatability and Reproducibility of ADC Measures by Breast
DWI: Results From the ACRIN 6698 Trial. J Magn Reson Imaging (2019) 49
(6):1617–28. doi: 10.1002/jmri.26539

85. QIBA MR Biomarker Committee. MR Diffusion-Weighted Imaging (DWI).
In: Quantitative Imaging Biomarkers Alliance (RSNA) (2019). Available at:
http://qibawiki.rsna.org/images/6/63/QIBA_DWIProfile_Consensus_
Dec2019_Final.pdf.

86. de Figueiredo EHMSG, Borgonovi AFNG, Doring TM. Basic Concepts of
MR Imaging, Diffusion MR Imaging, and Diffusion Tensor Imaging. Magn
Reson Imaging Clin N Am (2011) 19(1):1–22. doi : 10.1016/
j.mric.2010.10.005

87. An YY, Kim SH, Kang BJ. Differentiation of Malignant and Benign Breast
Lesions: Added Value of the Qualitative Analysis of Breast Lesions on
Diffusion-Weighted Imaging (DWI) Using Readout-Segmented Echo-
Planar Imaging at 3.0 T. PloS One (2017) 12(3):e0174681. doi: 10.1371/
journal.pone.0174681

88. Wisner DJ, Rogers N, Deshpande VS, Newitt DN, Laub GA, Porter DA, et al.
High-Resolution Diffusion-Weighted Imaging for the Separation of Benign
From Malignant BI-RADS 4/5 Lesions Found on Breast MRI at 3T. J Magn
Reson Imaging (2014) 40(3):674–81. doi: 10.1002/jmri.24416

89. Kim YJ, Kim SH, Kang BJ, Park CS, Kim HS, Son YH, et al. Readout-
Segmented Echo-Planar Imaging in Diffusion-Weighted MR Imaging in
Breast Cancer: ComparisonWith Single-Shot Echo-Planar Imaging in Image
Quality. Korean J Radiol (2014) 15(4):403–10. doi: 10.3348/kjr.2014.15.4.403

90. Kanao S, Kataoka M, Iima M, Ohno A, Sakaguchi R, Ohashi A, et al. High-
Resolution Diffusion-Weighted MRI of the Breast Using Readout-
Segmented EPI and Single-Shot EPI. Imaging Med (2017) 9(6):185–90.
doi: 10.1002/jmri.24416
July 2022 | Volume 12 | Article 844790

https://doi.org/10.18632/oncotarget.20406
https://doi.org/10.18632/oncotarget.20406
https://doi.org/10.1148/radiol.2017171157
https://doi.org/10.1148/radiol.2017171157
https://doi.org/10.1007/s00330-019-06361-y
https://doi.org/10.1007/s10549-020-05592-8
https://doi.org/10.1093/annonc/mds324
https://doi.org/10.2214/ajr.184.3.01840868
https://doi.org/10.2214/ajr.184.3.01840868
https://doi.org/10.1016/j.clbc.2016.12.010
https://doi.org/10.1186/s12957-018-1438-y
https://doi.org/10.18632/oncotarget.23195
https://doi.org/10.1002/nbm.2807
https://doi.org/10.1007/s12032-011-9842-y
https://doi.org/10.1007/s00330-016-4630-x
https://doi.org/10.1007/s00330-016-4630-x
https://doi.org/10.1148/radiol.2542090405
https://doi.org/10.1007/s00330-010-2020-3
https://doi.org/10.1016/j.clbc.2015.02.002
https://doi.org/10.1016/j.clbc.2015.02.002
https://doi.org/10.1148/radiol.2018180273
https://doi.org/10.1007/s00330-013-2850-x
https://doi.org/10.1016/j.mri.2017.06.002
https://doi.org/10.1002/nbm.1245
https://doi.org/10.1002/jmri.26518
https://doi.org/10.1002/jmri.26011
https://doi.org/10.1016/j.ejrad.2015.05.032
https://doi.org/10.1016/j.ejrad.2015.05.032
https://doi.org/10.3346/jkms.2015.30.11.1689
https://doi.org/10.1007/s00330-012-2399-0
https://doi.org/10.1007/s00330-012-2399-0
https://doi.org/10.1002/nbm.3596
https://doi.org/10.1002/jmri.26539
http://qibawiki.rsna.org/images/6/63/QIBA_DWIProfile_Consensus_Dec2019_Final.pdf
http://qibawiki.rsna.org/images/6/63/QIBA_DWIProfile_Consensus_Dec2019_Final.pdf
https://doi.org/10.1016/j.mric.2010.10.005
https://doi.org/10.1016/j.mric.2010.10.005
https://doi.org/10.1371/journal.pone.0174681
https://doi.org/10.1371/journal.pone.0174681
https://doi.org/10.1002/jmri.24416
https://doi.org/10.3348/kjr.2014.15.4.403
https://doi.org/10.1002/jmri.24416
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Mendez et al. Review of Diffusion Breast MRI
91. Bogner W, Pinker-Domenig K, Bickel H, Chmelik M, Weber M, Helbich
TH, et al. Readout-Segmented Echo-Planar Imaging Improves the
Diagnostic Performance of Diffusion-Weighted MR Breast Examinations
at 3.0 T. Radiology (2012) 263(1):64–76. doi: 10.1148/radiol.12111494

92. Kishimoto AO, Kataoka M, Iima M, Honda M, Miyake KK, Ohashi A, et al.
The Comparison of High-Resolution Diffusion Weighted Imaging (DWI)
With High-Resolution Contrast-Enhanced MRI in the Evaluation of Breast
Cancers. Magn Reson Imaging (2020) 71:161–9. doi: 10.1016/
j.mri.2020.03.007

93. Ohlmeyer S, Laun FB, Palm T, Janka R, Weiland E, Uder M, et al.
Simultaneous Multislice Echo Planar Imaging for Accelerated Diffusion-
Weighted Imaging of Malignant and Benign Breast Lesions. Invest Radiol
(2019) 54(8):524–30. doi: 10.1097/RLI.0000000000000560

94. Filli L, Ghafoor S, Kenkel D, Liu W, Weiland E, Andreisek G, et al.
Simultaneous Multi-Slice Readout-Segmented Echo Planar Imaging for
Accelerated Diffusion-Weighted Imaging of the Breast. Eur J Radiol
(2016) 85(1):274–8. doi: 10.1016/j.ejrad.2015.10.009

95. Song SE, Woo OH, Cho KR, Seo BK, Son YH, Grimm R, et al. Simultaneous
Multislice Readout-Segmented Echo Planar Imaging for Diffusion-Weighted
MRI in Patients With Invasive Breast Cancers. J Magn Reson Imaging (2021)
53(4):1108–15. doi: 10.1002/jmri.27433

96. McKay JA, Church AL, Rubin N, Emory TH, Hoven NF, Kuehn-Hajder JE,
et al. A Comparison of Methods for High-Spatial-Resolution Diffusion-
Weighted Imaging in Breast MRI. Radiology (2020) 297(2):304–12.
doi: 10.1148/radiol.2020200221

97. Hu Y, Zhan C, Yang Z, Zhang X, Zhang H, Liu W, et al. Accelerating
Acquisition of Readout-Segmented Echo Planar Imaging With a
Simultaneous Multi-Slice (SMS) Technique for Diagnosing Breast Lesions.
Eur Radiol (2021) 31(5):2667–76. doi: 10.1007/s00330-020-07393-5

98. Machida Y, Nomura K, Shimauchi A, Kato Y, Nagatsuka M, Fukuma E.
Diffusion-Weighted Imaging With Simultaneous Multi-Slice Echo-Planar
Technique for the Diagnosis of Breast Magnetic Resonance Imaging. Jpn J
Radiol (2020) 38(4):358–64. doi: 10.1007/s11604-020-00919-3

99. Yuan J, Zhao T-C, Tang Y, Panych LP. Reduced Field-of-View Single-Shot
Fast Spin Echo Imaging Using Two-Dimensional Spatially Selective
Radiofrequency Pulses. J Magn Reson Imaging (2010) 32(1):242–8.
doi: 10.1002/jmri.22204
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