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Abstract. High b-value diffusion-weighted imaging (DW1) of the breast provides
high sensitivity for cancer detection, but maximum-intensity-projection (MIP)
images are frequently affected by artifacts. This study assessed whether high b-
value DWI MIP artifacts can be forecast from preceding low b-value DWI or T2-
weighted fat-saturated (T2w-FS) acquisitions. In total, 1,089 examinations from
two 3.0 T systems and 195 examinations from the multi-vendor ACRIN-6698
dataset were retrospectively analyzed. Artifact severity was rated on a five-point
scale by three readers; moderate-to-severe artifacts (score >3) occurred in 62%
of examinations. A 3D DenseNet201 model was trained on internal data and eval-
uated in independent internal and external test datasets. Operating thresholds
were selected in internal validation data to target high specificity. In the internal
test dataset, forecasting from low b-value DWI and T2w-FS achieved AUROCs
of 0.75 (Cl: 0.68-0.82) and 0.74 (Cl: 0.67-0.81), respectively, without a signifi-
cant difference between methods (p=0.55). At the fixed thresholds, sensitiv-
ity/specificity were 0.38/0.93 for low b-value DWI and 0.49/0.87 for T2w-FS. In
the external dataset, AUROCs were 0.63 (Cl: 0.54-0.70) and 0.71 (Cl: 0.64-
0.78), respectively, with better discrimination for T2w-FS (p=0.013). Sensitiv-
ity/specificity were 0.21/0.89 for low b-value DWI and 0.61/0.68 for T2w-FS.
Preceding breast MRI acquisitions contain information associated with subse-
quent high b-value DWI MIP artifacts. However, variable external performance
indicates limited transferability and the need for multi-vendor training, recalibra-
tion, and prospective evaluation before clinical use.
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1 Introduction

Diffusion weighted imaging (DWI) MRI is a technique allowing to map the random
motion of water molecules in the tissue, thus detecting alterations of tissue diffusivity
properties indicating potentially significant lesions. In breast imaging DWI has both
been investigated in regards to its complementary value and the applicability in abbre-
viated protocols in breast MRI for certain indications [1,2].

Whilst DWI is of increasing interest in breast MRI, it is a technique known to be
prone to the formation of artifacts. The reasons for this are manifold, with amongst
them being fat saturation and shimming issues [3]. Artifacts in images can significantly
impede the diagnostic assessment [3,4]. This becomes even more critical in case of
abbreviated protocols as proposed for breast MRI with only limited complementary
sequences covering the same region in different contrasts. Additionally, the maximum
intensity projections (MIPs) used in some abbreviated approaches [5-7] might magnify
the impediment caused by artifacts in individual slices since. This is caused by the high
signal intensities of most artifacts, which are then transferred into the MIP images and
which can potentially cover significant lesions. If artifacts are detected, the MRI acqui-
sitions can be repeated aiming to adjust the protocol in order to reduce the artifacts.

However, before the artifacts even arise, they might be forecasted from preceding
acquisitions, as it was previously shown for dynamic contrast enhanced acquisitions
[8]. Such approach might allow to readjust the DWI acquisition parameters and scanner
setting before the acquisition. removing the need for a repeated acquisition.

In this work, we investigate whether clinically relevant artifacts in breast MRI max-
imume-intensity-projection (MIP) images derived from high b-value DWI (b >750
s/mm?) can be forecast before the high b-value acquisition is assessed. Our contribu-
tions are threefold: first, we address artifact forecasting from preceding acquisitions
rather than post-acquisition artifact detection; second, we compare two routinely avail-
able input sources, namely low b-value DWI (b = 50-100 s/mm?) acquired as part of
the same multi-b-value protocol and T2-weighted fat-saturated (T2w-FS) imaging; and
third, we evaluate the approach in independent internal and external multi-vendor breast
MRI datasets. We hypothesized that anatomical and acquisition-related characteristics
associated with subsequent high b-value DWI artifacts may already be reflected in the
preceding low b-value DWI and T2w-FS acquisitions.

2 Material and Methods

2.1 Datasets

This IRB approved study used an in-house dataset consisting of breast MRI exami-
nations performed between 2017 and 2020 at the University Hospital Erlangen using
one of two 3T Siemens scanners: Magnetom Skyra Fit and Magnetom VIDA. MRI
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examinations included in this study consisted of routine breast MRI examinations with
clinical indications to perform the breast MRI including e.g. high-risk screening, as-
sessment of neoadjuvant chemotherapy response, multifocal breast cancer, suspicion of
relapsing breast cancer, and others. The breast MRI examination was performed as a
routine multi-parametric breast MRI protocol including T2-weighted fat-saturated ac-
quisition, and a multi-b-value DWI acquisition with the highest b-value being 1500
s/mm2. The full internal dataset of n=1089 cases was then split into an 80% training-
validation (n=873) set and a 20% holdout test set (n=216). During the split it was en-
sured that no subjects occurring in the test-set were present also in the training-valida-
tion set. All internal MRI examinations from this study were previously included in
other studies [8-11].

In order to test the generalizability of the algorithms on breast MRI acquisitions us-
ing other MRI manufacturers (GE Healthcare and Philips) the publicly available
ACRIN-6698 [12] dataset was used. From this dataset, breast MRI examinations per-
formed before the administration of neoadjuvant chemotherapy and which included
both DWI and T2w-FS acquisitions were selected. This resulted in the creation of an
external dataset which consisted of n=195 cases, with n=164 cases being acquired on a
GE system (GE Signa n=150, Discovery 10, Optima n=4) and n=31 cases on a Philips
system (Philips Ingenia n=3, Phlips Achieva n=28).

2.2 Visual image assessment for artifact classification

All data were transferred from the clinical picture archiving and communication system
to research workstation. Herein, MIPs were derived from the highest b-value image
acquisition of the DWI sequence (b=1500 s/mm2 for the internal data set and b=800
s/mm2 for the external data set) with an in-house Python (v3.10.) script using Simple
ITK (v. 2.0.2) framework. The highest b-value acquisitions were used, as previous stud-
ies suggest these for generation of MIPs in order to assess the presence of significant
lesions [6,7]. The MIPs were created by projecting the maximum voxel in-tensity along
the head-feet axis of the volume, into a single transversal 2D image. After creation all
MIPs were split into left and right side along the central head-feet axis to allow for an
independent assessment of the presence of artifacts within each individual breast. The
MIPs of each single breast were then assessed using 5-point Likert-like scale based on
the presence of typical artifacts in breast DWI as previously described in literature e.g.,
by Partridge et al. [3,13]. The following classes were applied: 1 — no artifact at all, 2 —
minor artifacts, but with-out the potential to impede the assessment, 3 — moderate arti-
facts, potentially impairing the visual assessment, 4 — pronounced artifacts, 5 — highly
significant artifacts. Examples of MIP’s affected by the different artifact strength clas-
ses are provided in Figure 1.

Classification was performed by two board-certified radiologists and a research as-
sistant (Reader 1: S.B. > 10 years’ experience, Reader 2: D.H. > 15 years of experience,
Reader 3: D.S. > 3 years of breast MRI experience). The labels from the two breasts
were then combined for each reader by choosing the maximum among the two breasts,
and then the median score among the three readers was used as ground truth for the
purpose of neural network training, validation and test. Pairwise inter-rater agreement
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(IRA) was evaluated using Cohen’s kappa (k) with quadratic weighting and calculating
95% confidence intervals using the bootstrapping method with 10000 repetitions.
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»

Fig. 1. A-E: Examples of artifacts in the different classes: A = no artifacts, B=minimal artifacts,
C=moderate artifacts, D= pronounced artifacts, E=highly significant artifacts (black arrows
mark the artifacts). F/G: Pronounced artifact in the high b-value DWI MIP (F, 1500s/mm?2)

(black arrow) with corresponding subtle signal intensity increase in the T2-weighted fat satu-
rated image (G, white arrow). H/I: Highly significant artifacts in the high b-value DWI MIP
(1500s/mm?) (black arrows) with corresponding (rather subtle) blurry appearance in the T2-
weighted fat saturated image (1) and a locally inhomogeneity in the fat saturation in a skin fold
underneath the breast (small image and small arrow).

2.3 Neural Network architecture, training and evaluation

3D-DensetNet201[14] network was implemented using PyTorch and MONAI frame-
work with a softmax activation at the end of the network. As input data either the vol-
umetric T2w-FS acquisitions or a low b-value acquisition (b-value=50 s/mmz2 for in-
ternal data set and b-value=100 s/mm?2 for external dataset) was used. As targets during
the training the five multi-class examination level labels were used. The network was
trained for 200 epochs in 5-fold stratified cross-validation procedure [15,16], using a
cross-entropy loss function. Training was performed on a single workstation using a
RTX6000 nVidia GPU (24GB RAM). Training hyperparameters were optimized using
the first training and validation split.

An ensemble classifier was created by averaging the probability values for each class
provided by the best performing models from each of the 5 cross-validation folds.

For the evaluation of the performance, the artifact scores 3, 4 and 5 were considered as
indicating the potential for a significant artifact to occur, thus the probabilities from
these scores were added together and the probabilities of scores 1 and 2 were also added
up. Receiver operating characteristic (ROC) curves were used together with their area
under the curve (AuUROC), and sensitivity and specificity were used for evaluation of
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performance based on these dichotomized results. Based on the RoC a threshold for the
probability of the forecasting ensemble was identified on the validation set, for which
the sensitivity achieved a value of at least 0.9. Statistical differences in the performance
for different input data was evaluated using DelLong tests on the AuROC’s separately
for both test sets with a p-value of 0.05 considered to indicate significant difference.
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Fig. 2. Distribution of artifact strength scores provided by the three readers and median score of
these reader for both datasets.

3 Results

3.1 DWI MIP artifact labelling

Figure 2 shows the distribution of scores provided by the readers on the examination
level for both the full internal and external dataset. Pairwise IRA was almost perfect
between R1 and R2 for both internal (k=0.96 Cl: 0.96-0.97) and external dataset
(k=0.94 CI: 0.92-0.96). IRA between R3 and either R1 and R2 was substantial for the



6 A Liebert and S Bickelhaupt

internal (vs R1 k=0.77 CI: 0.74-0.79, vs R2 k=0.78 CI: 0.75-0.81) and only moderate
for the external dataset (vs R1 k=0.55 CI: 0.46-0.63, vs R2 k=0.57 CI: 0.48-0.67)

The least common artifact strength given was a score of 1 with 5.9% (n=76). Among
all examinations, the most common artifact strength was 2 —i.e., minor artifacts without
the potential to impede assessment with 32.3% (n=415) of all examinations. Moderate
artifacts (label 3) were identified in 21.7% (n=278) of all cases. In 20.2% (n=260) and
19.9% (n=255) of cases, pronounced (artifact strength 4) and highly significant (artifact
strength 5) artifacts were identified respectively. This resulted in significant artifacts
(artifact scores 3, 4 and 5) being attributed to 61.8% (n=793) of all DWI MIPs.

3.2 Forecasting performance on internal and external dataset.

Figure 3 shows the ROC for forecasting using low-b-value, or T2w acquisitions for
both internal and external data set. Based on the validation set ROC a fixed operating
point was identified for both methods (DWI: 0.759, T2w: 0.696). On the internal test
set, forecasting using the low-b-value DWI achieved an AUROC of 0.75 (ClI: 0.68-0.81)
while forecasting on the T2w-FS acquisition achieved an Au-ROC of 0.74 (CI:0.67-
0.82) without significant difference in between the methods (p=0.55). At the fixed op-
erating point, this translated into sensitivities of 0.38 (CI: 0.27-0.48), 0.49 (CI: 0.37-
0.60) respectively for the low b-values and T2w-FS acquisitions at specificities of 0.93
(CI: 0.88-0.97) and 0.87 (ClI: 0.81-0.92) accordingly.

In the external dataset forecasting using low b-value DWI achieved AuROC of 0.62
(CI: 0.54-0.70) and using T2w-FS acquisitions achieved an Au-ROC of 0.71 (ClI: 0.64-
0.78) with a significant difference between the methods (p =0.013). At the fixed oper-
ating point this translated into forecasting sensitivity of 0.21 (Cl: 0.13-0.30) at a speci-
ficity level of 0.89 (CI:0.83-0.95) when using low b-values. When using T2w-FS at the
chosen fixed operating point a sensitivity of 0.61 (Cl: 0.52-0.70) and specificity of 0.68
(Cl: 0.59-0.77) was achieved. Average computational time for a forecasting a single
examination was approx. 4.1 sec.

4 Discussion

Image artifacts are relevant sources of issues in medical imaging — as well in breast
MRI examinations. Current strategies mostly aim at detecting images directly after the
image acquisition, allowing to repeat the acquisition in case of detected artifacts. Con-
sidering the high standardization of image acquisition workflows, it would be desirable
to be able to forecast the likelihood of artifacts prior starting acquisition of a specific
sequence — during an ongoing examination. This would allow to intervene by adjusting
sequence settings before artifacts are actually occurring.

In this study we were able to demonstrate the feasibility to forecast the artifact for-
mation in high b-value DWI acquisition derived MIPs in breast MRI using a neural
network wand either the preceding low b-value DWI or a T2w-FS acquisition from the
same MRI examination. The achieved performance of such approach showed that at a
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high specificity >0.9 such approach could forecast in an internal dataset about 40% of
the artifacts using either input acquisition.
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Fig. 3. Receiver operator curves for the Internal and external data set for the two types of acqui-
sitions used for the forecasting of artifact occurrence in high b-value DWI MIPs.

However, external validation revealed limited and input-dependent transferability.
For forecasting based on low b-value DWI, sensitivity decreased from 0.38 in the in-
ternal dataset to 0.21 in the external dataset, while specificity remained comparatively
high (0.89). In contrast, the T2w-FS-based approach achieved a higher sensitivity in
the external dataset (0.61), but this was accompanied by a marked decrease in specific-
ity to 0.68. These findings indicate that, although preceding acquisitions contain infor-
mation associated with subsequent high b-value DWI MIP artifacts, the calibration and
clinical operating characteristics of the models did not generalize consistently to the
external dataset. Differences in scanner vendors, acquisition protocols, image charac-
teristics, and artifact patterns may have contributed to this reduced transferability.
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Our study indicates that the underlying technical challenges inducing artifacts in the
DWI MIPs, such as DWI include fat suppression and magnetic susceptibility artifacts,
might already be reflected even in the preceding T2w-FS image volumes. Whilst fea-
tures affecting the likelihood of artifacts occurrence in DWI MIPs seem to be detectable
in volumetric data, this should not be confused with indicating an insufficient image
quality in all individual slices, which was not specifically assessed in our study. Still
technical features and patient related aspects with regards to e.g. the effectiveness of
fat saturation techniques seem to be extractable and usable to predict artifacts in the
DWI MIPs, even using the T2w-FS acquisition, which might be reasonable considering
the T2w-FS and DWI sequence techniques. An investigation of the correlation between
the artifact strength on slice level and on the MIP, images should be performed in the
future as this task is beyond the scope of this manuscript.

Forecasting of breast MRI artifact occurrence in DCE subtraction MIP images was
recently proposed achieving a sensitivity of 30% at a 90% specificity level [8]. The
performance of our solution was slightly better in our internal dataset and slightly worse
in the external dataset. However, the previous forecasting approach was not tested in
an external dataset.

It should be noted that forecasting of artifacts implies as well that some predictions
inevitable are inaccurate. This can be the case when a patient was moving during the
T2w-FS acquisition but fully lying still during the DWI acquisition and vice versa as
such events cannot be correctly identified by a predictive Al algorithm. Again, it thus
needs to be emphasized that the approach does not aim at detecting an already existing
artifact after an acquisition of a contrast has been performed but to forecast a likelihood
for an artifact emerging during the next part of the scan, based on the already acquired
part of the scan process.

The approach as developed should be implemented as part of the scan process itself.
It’s fast computation time approx. 4 seconds allows it to be included into a tightly
scheduled workflow of the clinical routine. This would allow to forecast during exam-
ination and give direct feedback on the workstation of the MRI scanner to the techni-
cians. Such as scanner-near implementation would allow to adapt the sequence in real-
time providing timely feedback and allowing for a sufficient timespan to implement
sequence adjustments before starting the next acquisition during the examination.

There are several limitations to this study. First the results as presented are of limited
cross-vendor and field-strength generalizability even though the approach was tested in
an external test set. The forecasting network was trained on a large dataset of n>800
breast MRI examination which was acquired however on only two 3T systems of a
single vendor. The systems also did not vary in field strength, which might affect the
observed contrast and as such influence the performance of the networks. The signifi-
cantly lower forecasting performance indicates that for future adaptation of the method
to data originating from other vendors and sites training using larger and more diverse
datasets will be necessary. Further, our study did not include individual classifications
of artifacts type and source, artifact volume and strength and potential strategies to mit-
igate these sources of artifacts by the technicians. Future studies might include as well
analyzing different sequence settings to investigate in-sequence transferability (e.g. be-
tween b-values) and in-between sequences (e.g. standard EPI vs. resolve etc.). Such
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information will be of importance in order to be able to derive adjustment strategies
that can then be used to avoid an artifact predicted in an effective manner. Such a de-
rived adjustment strategy based on the prediction of an artifact was beyond the scope
of this initial stud and accordingly not investigated, thus we cannot draw any conclusion
to which degree the respective artifacts could have actually been avoided by adjusting
sequence parameters or whether the artifacts might have partially been “unavoidable”.
However, the aim of this study was to investigate the feasibility of such a technique
with regards to our hypothesis, thus the chosen methods seem appropriate for the pre-
liminary evaluation and can support further research in this area. Future studies thus
might as well investigate at what score or likelihood an intervention is actually desirable
and clinically necessary. In our study we tried to address this question by binarizing the
scoring, however this scientific approach might be further improved in the future, in-
cluding as well more detailed information on the type of the artifact.

In conclusion we could demonstrate the feasibility of predicting potentially signifi-
cant artifacts in high b-value DWI MIPs based on an Al-analysis of the preceding T2w-
FS acquisitions or low b-value DWI images from the same patient examination. Further
studies seem thus justified to investigate the potential of the method in more details.
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