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ARTICLE INFO ABSTRACT

Keywords: Background: Late gadolinium enhancement (LGE) of the myocardium has significant diagnostic and prognostic
Late gadolinium enhancement implications, with even small areas of enhancement being important. Distinguishing between definitely normal
Artificial intelligence and definitely abnormal LGE images is usually straightforward, but diagnostic uncertainty arises when reporters
Deep learning are not sure whether the observed LGE is genuine or not. This uncertainty might be resolved by repetition (to

Neural networks

Effici remove artifact) or further acquisition of intersecting images, but this must take place before the scan finishes.
ciency

Real-time quality assurance by humans is a complex task requiring training and experience, so being able to
identify which images have an intermediate likelihood of LGE while the scan is ongoing, without the presence of
an expert is of high value. This decision-support could prompt immediate image optimization or acquisition of
supplementary images to confirm or refute the presence of genuine LGE. This could reduce ambiguity in reports.
Methods: Short-axis, phase-sensitive inversion recovery late gadolinium images were extracted from our clinical
cardiac magnetic resonance (CMR) database and shuffled. Two, independent, blinded experts scored each in-
dividual slice for “LGE likelihood” on a visual analog scale, from 0 (absolute certainty of no LGE) to 100 (ab-
solute certainty of LGE), with 50 representing clinical equipoise. The scored images were split into two clas-
ses—either “high certainty” of whether LGE was present or not, or “low certainty.” The dataset was split into
training, validation, and test sets (70:15:15). A deep learning binary classifier based on the EfficientNetV2
convolutional neural network architecture was trained to distinguish between these categories. Classifier per-
formance on the test set was evaluated by calculating the accuracy, precision, recall, F1-score, and area under
the receiver operating characteristics curve (ROC AUC). Performance was also evaluated on an external test set
of images from a different center.

Results: One thousand six hundred and forty-five images (from 272 patients) were labeled and split at the patient
level into training (1151 images), validation (247 images), and test (247 images) sets for the deep learning
binary classifier. Of these, 1208 images were “high certainty” (255 for LGE, 953 for no LGE), and 437 were “low

Abbreviations: CMR, cardiovascular magnetic resonance; LGE, late gadolinium enhancement; ROC, receiver operating characteristic curve; AUC, area under the
curve; LV, left ventricular; Al, artificial intelligence; PSIR, phase-sensitive inversion recovery; GPU, graphical processing unit; 2D, two dimensional
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certainty”. An external test comprising 247 images from 41 patients from another center was also employed.
After 100 epochs, the performance on the internal test set was accuracy = 0.94, recall = 0.80, precision = 0.97,
Fl-score = 0.87, and ROC AUC = 0.94. The classifier also performed robustly on the external test set (accu-
racy = 0.91, recall = 0.73, precision = 0.93, Fl-score = 0.82, and ROC AUC = 0.91). These results were
benchmarked against a reference inter-expert accuracy of 0.86.

Conclusion: Deep learning shows potential to automate quality control of late gadolinium imaging in CMR. The
ability to identify short-axis images with intermediate LGE likelihood in real-time may serve as a useful decision-
support tool. This approach has the potential to guide immediate further imaging while the patient is still in the

scanner, thereby reducing the frequency of recalls and inconclusive reports due to diagnostic indecision.

1. Background

Cardiac magnetic resonance (CMR) imaging is the gold-standard in-
vestigation for a wide range of clinical conditions because of its unique
ability to detect myocardial fibrosis through late gadolinium enhancement
(LGE) [1-4]. LGE’s role in prognosis is well-established but its assessment
remains primarily qualitative [5], with even small amounts appearing to be
prognostic [4,6]. There have been extensive efforts to develop tools to
optimize and standardize LGE quantification from already-acquired images
[7,8]. However, these approaches cannot tackle a problem with the up-
stream process, particularly for images in which the presence or absence of
LGE is equivocal. Factors contributing to LGE equipoise include poor image
quality and artifact (Fig. 1). If these issues are not identified during the
scan, the resulting “intermediate LGE likelihood” images create a post-scan
challenge for clinicians reporting scans to determine whether the signal
seen is genuine or not. The ideal radiology report arising from a clinician’s
review of the image data should reduce diagnostic uncertainty [9], but
many reports contain ambiguous elements that create misunderstanding
between reporting radiologists and referring clinicians [10].

Once a patient exits the scanner, opportunities for additional ima-
ging within the same session are lost, leaving clinicians with limited
options to resolve uncertainties in LGE interpretation. Interrogating
alternative image planes may provide some clarification, but these
approaches do not help if the reason for equipoise is poor image quality
or a lack of intersecting images. There are strategies to acquire more
images which may remove equipoise, which in most cases, could turn a
“low certainty” situation into a “high certainty” one, but applying these
strategies indiscriminately to all cases is inefficient and unnecessary,
when the uncertainty affects only a minority of cases.

In the current workflow, the detection of equivocal LGE may occur
only when a clinician reviews the images at the end of the scan, after
which an opportunity to acquire further images may have been lost
(Fig. 2). Even if image optimization or additional imaging (which may
add only minutes to the total scan time) are all that is needed to
overcome the diagnostic uncertainty, realizing this after the scan has
finished is too late because the patient has already left the scanner. The
only choice then is to either accept the acquired data and report within
the limits of uncertainty, or to recall the patient for another scan with
resulting cost, inconvenience, and inefficiency.

The optimal moment for detecting intermediate LGE likelihood (and
possible diagnostic uncertainty) is during the scan itself. This quality
assurance could be provided by an expert human reviewing images in
real time, but since qualitative LGE assessment is a complex task re-
quiring extensive training and experience, this form of quality assur-
ance is neither practical nor universally applicable. Computational
approaches to automatically improve image quality are primarily di-
rected at post-processing of images after they have already been ac-
quired rather than flagging uncertainty during the scan while there is
still opportunity to acquire more data [11,12]. We hypothesized that an
artificial intelligence (AI) algorithm could provide automatic, accurate,
and potentially real-time quality control of late gadolinium short-axis
images based on LGE likelihood to guide further imaging.

In this study, we present a deep learning model that classifies short-
axis left ventricular (LV) late gadolinium images into one of two classes:
“high certainty” or “low certainty,” based on the likelihood of LGE

being present. We propose that this system could provide decision
support to clinical users, while the scan is ongoing, to guide image
optimization or the acquisition of additional sequences (such as inter-
secting images). This could reduce clinical uncertainty and enhance
diagnostic accuracy by helping confirm or refute the presence of gen-
uine LGE.

2. Methods
2.1. Data extraction and characteristics

Anonymized short-axis phase-sensitive inversion recovery (PSIR) late
gadolinium images for 300 scans (3152 image slices) performed at our
center in London, UK, between 2018 and 2021, were randomly extracted
from our local CMR database. Additionally, for an external test set, the same
type of images were extracted from 41 randomly selected scans of all-
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Fig. 1. Four examples of short-axis late gadolinium images with an inter-
mediate (uncertain) likelihood of LGE. (A) Midwall signal in the basal ante-
roseptum (red arrow), likely artifact from a myocardial perforating vessel. (B)
Signal from blood pool is too bright, preventing reliable assessment of sub-
endocardial LGE. There is also signal dropout in the septum, artifact from a
pacemaker. (C) Moire fringes artifact from magnetic field inhomogeneity,
which obscures half of the myocardial circumference. (D) Two localized
ghosting artifacts (red arrows) from accelerated (parallel) imaging, obscuring
part of the anteroseptum and inferior walls. LGE, late gadolinium enhancement
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Fig. 2. The current clinical CMR workflow. Black text and arrows denote usual workflow. Red text and arrows denote additional workflow in situations with
intermediate LGE likelihood (i.e., uncertainty). Yellow text and arrow denote potential application of an artificial intelligence-based quality assurance algorithm with
real-time decision support. CMR: cardiovascular magnetic resonance, LGE: late gadolinium enhancement.

comers to another center in London, UK, between 2016 and 2018 (totaling
496 image slices). Ethical approval was gained from the Health Regulatory
Agency (Integrated Research Application System identifier 243023).

Images were from a 1.5T or 3.0T scanner (Siemens Aera, Skyra or
Prisma, Siemens Healthineers, Erlangen, Germany). Acquisition para-
meters for the included sequences are shown in Appendix A.

2.2. Data curation
Each short-axis stack was split into its constituent individual images

and shuffled. Two experienced CMR clinicians reviewed the extracted
images and excluded them if:

(i) The file was corrupted during transfer or extraction.
(ii) Incomplete imaging due to hardware or early termination of the
scan.

(iii) The slice did not have at least 50% of the LV myocardium visible
around the blood pool, according to the Society of Cardiovascular
Magnetic Resonance guidelines [5], due to being “too basal” or
“too apical.”

Slices that had sub-optimal imaging (e.g., incomplete myocardial
nulling or artifact obscuring part of the myocardium) were not ex-
cluded. The remaining images were uploaded onto the Unity image
labeling platform [13] (Fig. 3).

Fig. 3. Screenshots of LGE likelihood labeling on the Unity imaging platform. LGE: late gadolinium enhancement.
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Table 1
Key training parameters of deep learning classifier. (Data are descriptions, ra-
tios, counts or settings).

Parameter Value

Architecture EfficientNetV2 + feed forward neural network
Train:validation:test 70:15:15

Trainable parameters 23,590,049

Optimizer Adam with weight decay
Learning rate le-4

2.3. Data labeling

Two independent experienced CMR clinicians (S.Z. and K.V., board
accredited with > 3 years CMR reporting experience each) performed
labeling on the same set of short-axis PSIR late gadolinium images. All
images were presented to both labelers, who worked on the task in-
dependently and were blinded from each other’s ratings.

Individual images were presented one at a time on the platform,
accompanied by a single sliding visual analog scale (the values on the
scale were not shown to labelers). The scale was titled “Likelihood of
LGE.” Labelers were able to zoom, pan, and adjust the windowing for
each image. After the labeler submitted a rating for a given image, the
label was stored on a cloud-based data frame and that image was not
shown again to that labeler.

Human operators were asked to follow the following guidelines:

(i) 0% LGE likelihood: if you are sure there is no genuine LGE in this
image

(ii) 100% LGE likelihood: if you are sure that genuine LGE is present
(no matter the amount of LGE) somewhere in this image

Internal CMR database

3152 images
(300 patients)

|

2897 images
(272 patients)

Poor image quality
255 images

Slice not through LV
1252 images
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Apart from these broad guidelines, labelers were free to rate images
based on their personal opinion of LGE likelihood for each image.

2.4. Evaluation of labeler agreement and determination of class labels

Agreement between the two labelers’ ratings of LGE likelihood was
evaluated by calculating the Spearman’s rho correlation coefficient and
the inter-rater agreement (accuracy). The mean of the two labelers’ ratings
was taken as the average LGE likelihood for each image. The mean dif-
ference between the two labelers’ ratings and its 95% confidence interval
was used to determine the thresholds of LGE likelihood between classes.
Initially, two thresholds were applied, resulting in three classes:

(i) Threshold 1: Between “low LGE likelihood” and “intermediate LGE
likelihood”

(ii) Threshold 2: Between “intermediate LGE likelihood” and “high LGE
likelihood”

Preliminary experiments showed that a three-class classification
network did not perform well. Therefore, the final two classes were
determined by combining the “low LGE likelihood” and “high LGE
likelihood” images into a single class: “high certainty.” The “inter-
mediate LGE likelihood” images were renamed: “low certainty.” These
two classes were the final labels for training, validation, and testing of
the deep learning network.

2.5. Neural network design and training

The labeled data were split into training, validation, and test sets
(70:15:15), maintaining the relative class distributions. The neural

External CMR database

496 images
(41 patients)

|

355 images
suitable for labelling

|

1645 images 247 images
(272 patients) randomly selected
2 clinicians rating independently
" High likelihood

I IKelinooaq, -‘Hi i al
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1gh certainty __ 1208 images SET SET TEST SET  TEST SET
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(255 images) <10
. l l
1 MODEL TRAINING & VALIDATION
7 Intermediate Class: ‘Low certainty’
Likelihood of likelihood, 371
LGE high uncertainty it fmages EVALUATION OF CLASSIFICATION PERFORMANCE
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high certainty
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Fig. 4. Study design and data flow. CMR: cardiovascular magnetic resonance, LV: left ventricle, LGE: late gadolinium enhancement, ROC AUC: receiver operating

characteristics area under the curve.
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Table 2
Two labelers’ ratings of LGE likelihood for 1645 images. (Data are counts or
proportions).

LGE likelihood (%) Rater 1 Rater 2
0-25 955 968
26-74 438 401
75-100 252 276
Spearman’s rho (vs rater 1) - 0.82

LGE late gadolinium enhancement.

network architecture chosen was an adapted version of EfficientNetV2
[14], modified by replacing the final layer with a feed-forward neural
network. The weights of the features from EfficientNetV2 were reused
but not the weights of its classifier. The weights of the feed-forward
neural network were randomly initialized according to the He Normal
method [15]. The final layer in the feed-forward network was pro-
grammed to output the probability of the input image being “high
certainty” or “low certainty.” The class with the higher output prob-
ability was assigned as the prediction for that image.

To enhance the model’s generalizability and prevent overfitting, we
applied specific pre-processing steps in the training dataset. Images
were first cropped 40% top/bottom and 30% left/right to remove non-
cardiac structures from the image periphery. This resulted in rectan-
gular images that were made square by applying a 256 X 256 pixel
center crop. To prevent the network from memorizing specific images,
the training set was then augmented by random crops to a 224 x 224
pixel size, flips and rotations. These augmentation operations were
exclusive to the training dataset; images in the validation and test sets
were only resized to 224 X 224 pixels to match the size of the training
images.

Our training process underwent 10 training runs starting with dif-
ferent random weight initializations. The model was trained on a Tesla
P100-PCIE-16 GB graphical processing unit. Model parameters are
shown in Table 1.

2.6. Evaluation of model performance

Model performance was evaluated on an internal, held-out test set of
247 images (15% of the dataset) that had been curated and labeled by
the same clinicians in the same way as the training set, but reserved
exclusively for post-training evaluation. Performance was also eval-
uated on an external test equivalent in size to the internal test set (247
images) obtained from an external center, having been curated and
labeled in the same way as the internal test set.

Performance metrics included accuracy, sensitivity (recall), specifi-
city (precision), Fl-score (the harmonic mean of precision and recall),
and area under the receiver operating characteristics curve (ROC AUC).

An overview of the data flow and study design is shown in Fig. 4.

3. Results
3.1. Data acquisition and image selection

Three thousand one hundred and fifty-two short-axis PSIR late ga-
dolinium images were extracted for 300 patients. Two hundred and
fifty-five images (28 patients) were removed after applying the exclu-
sion criteria. One thousand two hundred and fifty-two images were
excluded because they did not image > 50% of the LV myocardium due
to being “too basal” or “too apical.” The remaining 1645 images (from
272 patients) were uploaded to the Unity medical image labeling
platform [13]. Using a split of 70:15:15, this resulted in 1151 images for
training, 247 images for validation, and 247 images in the internal,
held-out test set.

Additionally, 496 short-axis PSIR late gadolinium images (from 41
patients) were randomly extracted from an external CMR database.

Journal of Cardiovascular Magnetic Resonance 26 (2024) 101040

After the application of the exclusion criteria, 141 images were re-
moved. The remaining 355 images (from 41 patients) were labeled in
the same way as the internal set of images. Finally, to match the size of
the internal test set, 247 images were randomly selected to make the
final external test set.

3.2. Clinician label agreement

There was overall good agreement between the two clinicians’ in-
dependent blinded ratings of LGE likelihood on the internal dataset
(Spearman’s Rho correlation coefficient = 0.82) (Table 2). The inter-
expert agreement (accuracy) was 86% (Appendix B, Figure B1). The
median difference in LGE likelihood between the two clinicians was 2%
(—4 to +8%). The mean of the two clinicians’ readings was taken as
the final LGE likelihood label for each image.

3.3. Categorization of LGE likelihood into certainty classes

To establish class thresholds (cut-offs) for our binary classifier, we
employed a statistically-driven approach based on the 95% confidence
interval for the mean difference between the two expert’s labels. The
mean absolute difference between the two clinicians was 1.409%
( = 13.660%). This meant that in 95% of cases, the difference in the
LGE likelihood between raters lay between —25.364% and + 28.183%.
The following LGE likelihood cut-offs were applied to categorize the
data into two classes (Fig. 4):

(i) “High certainty”: images with LGE likelihood scores ranging from
0%-25% and 75%-100%. These scores represented a high degree of
confidence in the presence or absence of LGE.

(ii) “Low certainty”: images with LGE likelihood scores between 26%
and 74%. These scores indicated a moderate or uncertain level of
confidence regarding the presence or absence of LGE.

These class labels were used to train, validate, and test the deep
binary classifier.

3.4. Performance of binary classifier

After 100 epochs, the trained model showed good performance on
both the internal test set of 247 images and the external test set of 247
images (Table 3). The confusion matrices of the classifier’s predictions
on the internal and external test sets and ROC curves are shown in
Figs. 5 and 6, respectively. Overall, the model’s performance was better
for all evaluation metrics on the internal test set compared to the ex-
ternal test set.

4. Discussion

This study demonstrates proof of concept that a deep learning
approach can classify the certainty of LGE being present in a short-
axis CMR image with good performance on the internal dataset

Table 3
Performance on the internal and external test sets of 247 images each. (Data are
proportions).

Evaluation metric Internal held-out test set External test set (247

(247 images) images)
Accuracy 0.94 0.91
Recall (sensitivity) 0.80 0.73
Precision 0.97 0.93
Specificity 0.99 0.98
Fl-score 0.87 0.82
ROC AUC 0.94 0.91

ROC AUC area under the receiver operating characteristics curve.
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Fig. 5. Confusion matrix and receiver operating characteristics (ROC) curve for the trained model’s performance on the internal held-out test set of 247 images. AUC:

area under the curve, LGE: late gadolinium enhancement.

(accuracy 94%; F1-score 0.87; ROC AUC 0.94). Performance on ex-
ternal data was also robust (ROC AUC 0.91), indicating a degree of
transferability between images from different hospitals. This model’s
capacity to identify images that are neither clearly normal nor ab-
normal, and flag them for real-time review during scanning re-
presents a significant step forward in Al-guided decision support for
clinical CMR workflows.

The timely provision of this information could facilitate further
imaging with optimization or the targeted acquisition of additional
(e.g., intersecting) images to reduce the chances that clinicians are left
to make a judgment call on equivocal images with an intermediate
likelihood of LGE after the patient has left the scanner.

External test set

Binary classifier confusion matrix (90.7% accuracy)

High certainty, LGE 33 (97.1%) 1(2.9%)

High certainty, no LGE 139 (97.9%) 3(2.1%)

True class

Low certainty)| 19 (26.8%) 52 (73.2%)

Low certainty

2
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€
]
o
ie
o
I

Predicted class

Fig. 6. Confusion matrix and receiver operating characteristics (ROC) curve for the
under the curve, LGE: late gadolinium enhancement.

4.1. Impact on diagnostic certainty and comparison with other approaches

Existing systems capable of recognizing ambiguity and hedging from
text reports are limited in their application to the post-scan phase of the
workflow, rendering them ineffective in generating unequivocal images
for reporting [16,17]. When faced with suboptimal images, clinicians
will usually try to steer to a diagnosis, but they cannot always be en-
tirely unambiguous in their language when the source of the un-
certainty is the images [18,19]. Our approach tackles the upstream
problem and demonstrates that, in the majority of cases, uncertainty in
LGE likelihood can be detected during the scan while there is still
chance to acquire more data that could reduce ambiguity in the

(247 images)
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trained model’s performance on the external test set of 247 images. AUC: area
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subsequent report. Interestingly, our model’s overall accuracy (94% on
internal test set; 91% on external test set) surpassed the inter-rater
accuracy (86%). This shows that the AI agreed with the human con-
sensus better than the humans agreed with each other.

Previous work has shown that deep learning can be used to auto-
matically plan CMR standard view images [20]. Deep learning algo-
rithms can also be implemented to analyze CMR images while the scan
is ongoing, and their output is useful to guide selection of scan protocols
based on initial findings [21]. However, leveraging Al technology for
real-time CMR quality assurance has so far been limited to tissue seg-
mentation and automatic measurements rather than assessing LGE
likelihood [22,23]. Our algorithm is novel in that it offers the potential
to provide real-time quality assurance and decision-support by flagging
images in which there is equipoise over whether LGE is present or not,
while there is still a window of opportunity to take more images.

4.2. Impact on clinical workflow

Balancing scan duration against the risk of needing to recall the
patient for further imaging presents a significant challenge. On one
hand, CMR scans are often extensive, frequently producing hundreds of
individual images [5] and it is not practical to extend every patient’s
scan exhaustively. On the other hand, an excessively lean and truncated
protocol is likely to risk images in which artifact has not been resolved
and risks clinicians having to consider recalling the patient for further
images. Both scenarios have impact on efficiency, logistics, and patient
experience. An adaptive strategy would potentially deal with this by
identifying images with low certainty of LGE or no LGE.

Our model identified the “low certainty” images with 80% sensi-
tivity. Sensitivity was lower on the external images (73%), but the
model still detected the majority of “low certainty” cases which would
otherwise have passed through to the reporting stage of the clinical
workflow. Based on the results of the internal test set, assuming that the
patients who had a “low certainty” of LGE could be improved by further
imaging on-the-fly, our system has the potential to reduce the propor-
tion of cases with equipoise down to 5%, with 22% of patients receiving
further on-the-fly imaging.

We randomly selected 40 studies from our training set, for which at
least 1 slice was labeled as “low certainty.” For these 40 cases, we re-
viewed the entire short-axis “stack,” the long-axis late gadolinium
images, and the cine images. Thirty-one of 40 (77%) remained “low
certainty” even after reviewing the other images, while 9/40 (23%)
were upgraded to “high certainty”. This demonstrates that although
reviewing the other routinely protocolled images can resolve a minority
of LGE ambiguities; for most cases, additional LGE images are re-
commended to try to overcome the uncertainty.

From the same random sample of “low-certainty” cases, 5/40 (13%)
had an ischemic LGE pattern (compared to 21% in the dataset overall).
Twenty-eight of 40 (70%) had a non-ischemic LGE pattern (compared
to 46% in the dataset overall). This suggests that experts are usually
certain when dealing with infarctions, but the ambiguous situations
disproportionally feature non-ischemic LGE patterns.

Entirely eliminating diagnostic uncertainty is not possible. In some
cases, no amount of additional imaging will resolve image quality is-
sues, and in this situation, the repeated flags of low certainty could be
used to avoid radiographers persevering with low likelihood of success.
It would also avoid further rescan attempts where it is unclear whether
the images could be improved or not, enabling progression of patient
care or exploration of other diagnostic tests without delays caused by
repeated attempts at CMR.

From a workflow and efficiency point of view, we favored a model
that had high precision to one with high recall. Since most situations
are “high certainty,” misclassifying these as “low certainty” (potentially
extending the scan time with unnecessary further imaging) would have
a large cumulative resource burden on the system. This also means that
the identification of “low certainty” does not come at the cost of

Journal of Cardiovascular Magnetic Resonance 26 (2024) 101040

needlessly increasing scan time for the “high certainty” group, which
makes up the majority (73%) of cases—the chance of a recall decision
being made on a high certainty case is only 1%.

5. Limitations

First, the model is not 100% accurate. As with many clinical clas-
sifications, determining the likelihood of LGE depends at least on some
subjective judgment. Although the overall inter-observer agreement
was good in this study (Spearman’s rho = 0.82), this was mainly driven
by the two raters having good agreement toward the extremes of the
spectrum (low LGE likelihood and high LGE likelihood). Clinicians
usually agree when an image is definitely normal (and to a lesser ex-
tent) definitely abnormal, but there is a wide spectrum of opinion in
between these extremes. This is important because it highlights the
extent of disagreement in assessing image quality which has been seen
in other modalities [18] and the importance of developing tools to
identify and flag suboptimal images objectively.

Second, our model analyzes individual short-axis images, rather
than the entire stack. We chose to split short-axis stacks into constituent
images to aid the human labeling task. In clinical practice, reporters
typically look at the entire stack, which may help reduce uncertainty,
and intersecting images, if available. This would be very challenging for
labeling data to train a neural network, because the same “stack” can
simultaneously have “high certainty” and “low certainty” LGE. Since
deep learning requires many labeled data, we chose to split and shuffle
individual images to make the human workflow amenable to high-vo-
lume labeling. Our future work will focus on analyzing the short-axis
stack in its entirety, in combination and other intersecting views from
the same scan in concert. For example, a model that can pool the
confidence of multiple slices, such as a 2D convolutional neural net-
work, which uses neighboring slices and/or long-axis images as inputs
would be the next step for our concept.

Third, our work identifies images leading to equivocal reporting
regardless of the reason for the poor images and does not suggest to
users how to rectify it. The solution for improving the images is likely to
depend on the cause of the problem. Since expert clinician data labeling
is a finite resource, and network performance is broadly proportional to
the amount of labeled data, in this proof-of-concept study we chose not
to ask expert labelers additionally for the “reason for uncertainty.”
Instead, we opted for a lean labeling workflow by distilling the com-
plex, multi-factorial qualitative assessment of LGE into a single metric:
“LGE likelihood.” Future work should aim toward training a system to
identify different causes of poor image quality, with decision-support
for possible rectifying actions, but this requires larger amounts of data
with specific artifact types.

Finally, as with all deep learning models, it is possible that our
findings may not generalize to other data due to “overfitting” [24]. To
mitigate this, we report performance on a held-out test set that was not
shown to the model until after training and validation were complete.
We also demonstrate that 97% of the model’s accuracy on the internal
images is sustained on an external set of images obtained from a dif-
ferent scanner at a different center performed at a different time. This
indicates the robustness of our results and their potential to be trans-
ferrable between different clinical settings.

6. Conclusions

Deep learning has potential to automate quality assurance of late
gadolinium imaging in CMR. Real-time identification of short-axis
images with an intermediate likelihood of LGE (low diagnostic cer-
tainty) could provide decision support to trigger further imaging before
the patient has left the scanner. Our model shows good performance on
detecting “low certainty” situations, while preserving a high specificity
for “high certainty” situations so that only the cases that will benefit
from additional imaging are flagged. This performance was largely
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retained on external images from a different center. This innovation
could help clinicians overcome the challenge of reporting equivocal
scans and reduce ambiguous communication between reporters and
referrers.
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