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Layman’s Summary

Innovations in artificial intelligence (AI) have provided new potential in the image reconstruction of undersam-
pled k-space acquisitions in magnetic resonance imaging (MRI). Undersampled k-space acquisitions are scans
where k-space, the spatial frequency of an object, is sampled below the minimum Nyquist sampling rate. By
employing machine learning, which allows for learning feature extraction from data such that is it able to make
decisions for new data, it is possible to reconstruct an image given an acquisition with very few data samples.

A common problem for machine learning is the inadequate amount of data the machines need to learn
from. While that problem is no exception here, this paper also explores other, more MR reconstruction-specific,
problems, such as the introduction of novel artifacts by the AI or the difficulties of integrating such technology
into the clinic. This review provides a number of alternative solutions to the issues presented, taken from
relevant literature.

Artificial intelligence has driven a new path
of innovation in image reconstruction of un-
dersampled k-space acquisitions in MRI. This
review provides readers with an analysis of
the current limitations and bottlenecks in deep
learning-based MR image reconstruction. Lit-
erature reviews on deep learning in medical im-
age reconstruction commonly focus on model
architectures, providing the reader with an
overview of the most recent technical advances
in this subject. We instead take a more critical
approach, focusing on recent publications that
identify and analyze current bottlenecks or lim-
itations in deep learning-based MRI image re-
construction in the literature. Research explic-
itly highlighting or improving our understand-
ing of these issues is discussed in detail. The
problems discussed could be an excellent start-
ing point for any researcher or clinician looking
to further their knowledge of the predicaments
found in undersampled MR reconstruction.

1 Introduction

Magnetic resonance imaging (MRI) is a popular modal-
ity in medical imaging for its flexibility, safety and good
soft tissue contrast. However, its relatively long ac-
quisition time has led to a flurry of research in im-
proving imaging speed in both the hardware and soft-
ware without many compromises in image quality. The

Nyquist criterion establishes a minimum sampling den-
sity required to capture all information. Undersam-
pling gives rise to aliasing artifacts in the reconstructed
image. A remarkable improvement is compressed sens-
ing (CS), which undersamples an acquisition well be-
low the Nyquist criterion, then reconstructs the image
using a priori information [1]. The resulting recon-
struction instead commonly suffers from blurring and
ringing artifacts, depending on the degree of under-
sampling, which is considered not as detrimental to
diagnostic quality [2].

Advances in machine learning techniques and de-
velopment in computational infrastructures have led
to deep learning (DL) techniques becoming viable can-
didates to aid in medical image reconstruction. At the
2016 IEEE 13th International Symposium on Biomed-
ical Imaging, one of the first works in this field was
published [3]. This work has applied deep learning,
a subclass of machine learning, which is particularly
useful in feature extraction and learning from a pri-
ori information. Since then, MR image acquisition
time may be expected to decrease substantially using
this new technology over the coming decade. Sup-
porting the effort are the fastMRI and the Calgary-
Campinas datasets, which hope to challenge and pro-
vide a consistent benchmark for new machine learning
approaches [4, 5].

These advances in deep learning-based image recon-
structions are commonly met with various criticisms
and concerns. Most computer vision-related tasks that
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use deep learning focus on improving general image
quality. MRI image reconstruction is more complex,
as reconstructions should also be robust in maintaining
any clinical pathologies. Results from a 2020 fastMRI
challenge state that the top 3 frameworks, according
to qualitative radiologist evaluation, create hallucina-
tory features [6]. Statistical evaluation, however, using
the structural similarity index measure (SSIM) as an
example, shows excellent results, with up to 95% simi-
larities to the ground truth. It is not implausible that
relevant pathologies are found in the final dissimilar
5%. It appears there is discordance between the statis-
tical methods for evaluating reconstructed images and
the radiologist-defined diagnostic quality of an image.

It is challenging to find statistical evaluation meth-
ods which directly speak to the diagnostic quality of
an image, but numerous other factors may also play
a part. The dataset selected among research papers
is hardly given motivation, and most datasets com-
monly originate from a single vendor. Indeed, the
fastMRI dataset is sourced from Siemens, and applying
the models to similar scans but using GE or Phillips
scanners greatly reduced performance [6]. This concern
is highlighted by a study that applies stability tests on
reconstruction models to evaluate their performance af-
ter perturbations of the data [7]. They show, among
other things, that a change of vendor should be con-
sidered as a perturbation the learning algorithm is not
prepared for.

Other image reconstruction algorithms position
themselves as models for artifact removal, implying
that the subsampled acquisitions are images beset with
artifacts, rather than solving an inverse reconstruction
problem [8]. Using such a definition, statistical evalua-
tions methods cannot realistically quantify the quality
of artifact removal. Blind testing performed by ex-
perienced radiologists is instead employed. Equalling
or exceeding the false-positive rate of radiologists while
successfully accelerating the acquisition time is the nat-
ural end goal.

This does not align well with dataset projects such
as the fastMRI project, which promotes that models
apply a single objective and quantitative benchmark
for easier comparisons. Solutions which better quantify
diagnostic image quality are critical to improving the
feasibility of clinical integration of these new models.
Various editorials have created guidelines in an effort
to improve the reporting of studies that apply artificial
intelligence to radiology [9, 10, 11].

The article is organized as follows. Section 2 de-
scribes the literature selection process. Section 3 pro-
vides a synopsis of common deep-learning models, pro-

viding particular attention to the primary bottlenecks
models face. Section 4 provides an overview of pro-
posed solutions to selected issues. Section 5 provides a
final discussion and conclusion.

2 Methodology

The process used in this review uses the PRISMA
protocol for identifying eligible articles for analy-
sis (Fig. 1). Given the research question posed, the
literature collection process was performed iteratively.
The first iteration was collecting literature on MR
image reconstruction using deep learning, with a fo-
cus on literature that introduced novel methods and
strongly influenced later developments. Particular at-
tention was devoted to the discussion sections, to ex-
tract any issues the models of the authors have en-
countered. Keywords used in search engines, primarily
Google Scholar and Microsoft Academic, were:

� mr image reconstruction
� deep learning
� machine learning
� neural network
� undersampled k-space
� subsampled k-space

where keywords are used simultaneously with the
first, “mr image reconstruction”, for a more direct
search. The earliest publication year was limited to
2016. Articles are excluded which did not fit the crite-
ria.

After a thorough analysis of included literature, a
second iteration is aimed at collecting literature that
adequately addresses concerns voiced in the discussions
of literature selected from the first iteration. This col-
lection is used to conduct a thorough review of recent
literature on the topic of MR image reconstruction us-
ing deep learning and discussing its common bottle-
necks and limitations.

3 Models and their limitations

The concept of machine learning using artificial neu-
rons was first published in 1967 [14]. Computer ar-
chitectures were not as advanced, and the modern
techniques applied today have only been feasible af-
ter discovering that graphics processing architectures
are much more suited to machine learning [15]. Deep
learning, a subset of machine learning models where
multiple “deep” layers of neurons are used in a net-
work, ideal for signal processing, has first been used to
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Figure 1: PRISMA flow diagram of the review pro-
cess.

reconstruct undersampled acquisitions of MR data in
2016 [3].

Neural networks are highly flexible decision-making
systems. Each neuron in these networks takes a vector
of inputs x and a vector of weight parameters w to
make a decision using some activation function h(x)

f(x) = h(wTx+ w0) (1)

where w0 is a bias initialized to 1. Neurons are ar-
ranged in a layer each connected in a vector of combi-
nation parameters v. Thus, the trainable parameters
of a neural network are all weight and combination pa-
rameters, traditionally represented as θ. Neurons in
one layer activate the next deeper layer of neurons,
creating a versatile network of decision-making. While
a single layer can adequately make decisions and rec-
ognize features, using multiple layers, creating a deep

structure, the network’s ability to represent features
increases dramatically [16].

Weight parameters are learned iteratively by us-
ing a loss function, which measures the quality of the
learned parameters θ. Learning is performed by ex-
tracting features from a set of training data, then up-
dating parameters based on the loss function.

There are many design choices to be made when
developing a deep learning model: the form of the loss
function, the number of layers and the number of neu-
rons in each layer, which activation function h(x) to
use, and many other parameters not discussed in this
brief introduction.

In MR reconstruction for undersampled MR data,
deep learning entails finding weight parameters such
that it can reconstruct the image using only the lim-
ited information available. The primary bottlenecks,
discussed next, are the scarcity of acquisition data for
training networks, the destructive role of noise found
in input data, (artificially introduced) artifacts, and
the difficulty of integrating this technology in existing
clinical workflows.

3.1 Convolutional neural networks and
data scarcity

MR data is acquired in the frequency domain, called
k-space. Applying an inverse Fourier transform on this
data gives a reconstructed spatial image. Low frequen-
cies in k-space are found in the center and primarily
contain contrast information of the image, while high
frequencies in k-space are found away from the center
and mainly contain spatial information. Undersampled
k-space (that is, a sampling less than the Nyquist limit)
improves acquisition time but introduces aliasing arti-
facts and diminishes contrast.

Wang et al. [3] tries to learn an end-to-end map-
ping by using a convolutional neural network (CNN)
and preacquired datasets to find the hidden parameters
which can optimally reconstruct an MR image using
undersampled k-space data. An inverse Fourier trans-
form is then applied to the result to obtain a spatial
image. A convolutional neural network is well-suited
for images, as convolution layers are neurons that ac-
tivate on convolved input. This allows for neurons to
model local features and learn abstractions.

A major limiting factor of all learning models is the
need for data. These hidden parameters are approxi-
mated more precisely and identify more features as the
dataset grows. In this seminal work, 500 fully sam-
pled MR brain images were collected. The fastMRI
project holds 1594 MR knee images. Formally speak-
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Figure 2: Reconstruction results of two undersampled acquisitions (1-2). Fully sampled image (A)
and a magnified region of interest (B), zero-filled reconstruction (C) and permutations of K-nets and I-
nets (D-G). The dashed circles highlight the differences of the result depending on the architecture used.
Source: Eo et al. [19, Fig. 5]

ing, perfection is only obtained when there is a dataset
holding all past and future acquisitions. An impossible
feat, and instead, compromises are made by investigat-
ing more efficient models, and more efficient use of the
datasets available.

Furthermore, MR data brings with it a few excep-
tional complexities. It is imaginable that using train-
ing data from healthy subjects to reconstruct images of
subjects with pathology may come with an increased
rate of error. Networks trained with data from one
vendor may not perform as well when faced with data
from another vendor, as each vendor has a different se-
quence in order to acquire the data. Certain attributes
of data (e.g., the region of interest, the vendor that
supplied it, the subject, the MR sequence used) may
be more easily accessible than others, adding a concern
for bias.

3.2 AUTOMAP and noisy signal

A novel framework for image reconstruction, auto-
mated transform by manifold approximation (AU-
TOMAP), promises to be well-protected against an-
other common problem found in undersampled image
reconstructions: the introduction of more noise [17].
Noise is enhanced in undersampled reconstruction as
the training data itself is inherently noisy due to hard-
ware limitations during acquisition. This leads to the
neural network learning from noisy data, and its own
imperfect learning then translates to even more noise

in the result.

AUTOMAP is a more sophisticated CNN, as it per-
forms a reconstruction without knowledge about math-
ematical transformations. It learns to reconstruct a
spatial image directly from signal data. It does this
by learning the diffeomorphism between the two mani-
folds which represents the signal k-space and the image
space. In the context of MR image reconstruction, it
learns a Fourier transform equivalent artificially.

Additionally, the framework explicitly learns a de-
noiser operator to alleviate any “learned” noise am-
plifications. Given assumed corruption in the signal
domain, it attempts to find the probabilistic distribu-
tion of the input to predict it and consequently reduce
any resulting noise.

A common metric in deciding on the quality of a
model’s output with regards to the level of noise is
the peak signal-to-noise ratio (PSNR) and the root-
mean-squared error (RMSE). AUTOMAP highlights
the need for noise reduction in AI-generated image
reconstructions. It also brings into question mod-
els which employ the standard Fourier transform re-
construction method, as a subsequent paper by the
same author demonstrated further improved PSNR
and RMSE of reconstructed images using this learned
reconstruction model [18].

3.3 KIKI-net and sharp artifacts

KIKI-net is an algorithm that has been influential to
a number of subsequent works, in particular for those
which have been submitted to the fastMRI project [19].

KIKI-net is a 4-layer CNN that operates on k-space
first (K), image space second (I), and repeat (KI).

Traditional CNNs are trained end-to-end. In KIKI-
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net, the individual CNNs are trained in an incremental
form. The first K-net was trained, then the next I-net
was trained using the inverse Fourier transform output
of the K-net. The output is the corresponding fully
sampled reconstructed k-space or image, respectively.
This process continued until the entire KIKI-net was
fully trained.

Evaluation of K-net and I-net separately highlights
a bottleneck in deep learning image reconstruction
somewhat exclusive to the application of AI in image
reconstruction: artifacts. According to the authors,
the I-nets were especially strong in restoring detailed
structures, but failed to remove artifacts. Instead, they
enhanced the artifacts. The K-nets removed artifacts
successfully, but have much weaker restoring capabili-
ties. Fig. 2 gives a visual example demonstrating the
complexity of the problem. The columns depict the
fully sampled image (A-B), a zero-filled reconstruction
(C), along with a number of different permutations
of K-nets and I-nets (D-G). Compared with Fig. 2B2,
Fig. 2D2 shows an enhancement of structure that does
not exist. Fig. 2E2 instead is much too blurry to be
useful for diagnosis. Fig. 2F2-G2 show improvements,
but there remains low detail and contrast at the inter-
face of the structures.

Unlike noise, artifacts are difficult to quantify.
Common statistical metrics used for noise, such as
PSNR and RMSE, are not useful here. SSIM is a more
appropriate metric, as it would likely deteriorate when
evaluating Fig. 2D2. However, artifacts are very local-
ized problems, and the regions of interest for diagnosis
are usually a small fraction of the entire acquisition.
An SSIM of up to 95%, which are relatively common
results, could still be entirely unsatisfactory if the dis-
similar 5% manages to obfuscate the disease.

3.4 Clinical integration

While a large set of models have been proposed, true
integration of deep learning algorithms used in real-
world applications of image reconstruction has barely
begun [20]. This slow crawl of integration comes with
good reason. Disparities found in gender classification
AIs of various vendors, where darker skin complexions
and/or gender resulted in significantly increased error
rates, raise questions on its reliability and concurrently
give a false sense of progress [21]. Such concerns are
all the more important in a clinical setting, where error
rates have very strict limitations. Obfuscating pathol-
ogy due to an unreliable image reconstruction tech-
nique would be a critical failure.

In an effort to bring evaluation of reconstruc-

tions closer to the intended end goal of clinical inte-
gration, subjective opinions of radiologists being in-
cluded in evaluation are becoming increasingly com-
mon [22, 23, 24, 25]. Radiologists are asked to blindly
rank ground truth from reconstructions. There exists
no standardized evaluation of subsampled MR recon-
struction, which complicates the comparison of models.
However, even when including expert blinded review-
ing, the acceptance rate of proposed AI-based algo-
rithms implementing remains low [26].

The primary bottlenecks for clinical integration are
the guarantee of reliability and safety of the method,
easy integration into current workflows, and the build-
ing of trust [27, 28]. A difficult hurdle that is especially
important in healthcare, is making any employed AI
explainable [29]. When an AI is explainable, end users
are much quicker to trust algorithms as they have a
method to further their sense of understanding when
observing end results.

4 Investigations and proposed solu-
tions

The above bottlenecks are not at all unknown to au-
thors working on developing MR reconstruction mod-
els, and many of the more recent publications describe
their method of tackling one or more of the issues de-
scribed. The articles discussed are summarized in Ta-
ble 3.

[3] One of the earliest publications to employ deep
learning

[5] W-net, can be summarized as a optimized
“IKIKII” model.

[8] Demonstrates domain transferring by using syn-
thetic radial k-space input.

[17] AUTOMAP, see 3.2.

[18] Improved the performance of [17].

[19] KIKI, see 3.3.

[30] DeepCascade, heavily influenced by CS and ap-
plies interleaved data consistency stages.

[31] Improved the computing performance of [30].

[32] Demonstrates that focusing on subsampling the
center k-lines improves performance.

[33] Demonstrates applying small offsets to subsam-
pling strategies improves performance.

Ref. Remarks
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(Continued)

[34] Experiments with sampling k-lines on the fly dur-
ing acquisition.

[35] Employs reinforcement learning for on-the-fly k-
line sampling.

[36] Uses a recurrent neural network to sweep k-space
in all cardinal directions.

[37] Deep residual learning on both Cartesian and ra-
dial k-space data.

[38] Recurrent inference machine trained with radial
k-space data.

[39] A generalist network is finetuned for undersam-
pled MR reconstruction.

[40] Improves [30] by reutilizing intermediary data con-
sistency layers in the final layer.

[41] Implements the GRAPPA technique in their deep
learning algorithm.

[42] Uses sensitivity maps as additional input in their
model.

[43] Attempts to predict sensitivity maps based on re-
construction estimations.

[44] Implicitly learns sensitivity map estimation.

[45] Demonstrates the value of learning the complex
representations of multicoil images.

[46] Applies interpolated CS to multislice acquisition
data.

[47] Multislice undersampled image reconstruction by
exploiting correlations among and within slices.

[48] Implements a GAN for undersampled image
reconstruction.

[49] Improves the performance of [48] by implementing
a data consistency constraint.

[50] Combines the GAN architecture with KIKI to cre-
ate KIGAN.

Ref. Remarks

Table 3: Results of deep learning-based image recon-
struction articles discussed, in order of appearance.

4.1 Model sophistication

Since the early deep learning-based architecture, such
as those proposed by Wang et al. [3], new models have
been proposed and show more promising results ev-
ery year. AUTOMAP and KIKI-net are both models
which have strongly influenced the field of MR recon-
struction using deep learning. The fastMRI project has
given an excellent boost to research on reducing noise
and improving performance both statistically and com-

putationally. Models become more sophisticated as re-
search in the field progresses, which are expected to
reduce any error caused by data scarcity and improve-
ments to reconstructions for both noise reduction and
artifact removal. A number of approaches to the prob-
lem from the last few years are described and discussed.

4.1.1 Compressed Sensing

An early model for a CS-based reconstruction algo-
rithm was proposed by Schlemper et al. [30], Deep-
Cascade. In CS, incoherent subsampling provides a
k-space y ∈ CM , which, when reconstructed, results in
an image with noise superimposed over an image. The
image reconstruction problem is described by

y = Fux (2)

where x ∈ CN is the fully sampled k-space (with
N ≪ M). This inverse problem is solved by mini-
mizing x for Fux − y using regularization. DeepCas-
cade closely follows the original CS methods on itera-
tive reconstruction, but employs a CNN which allows
for end-to-end optimization of the algorithm.

Various improvements to CS-based reconstructions
have been proposed. KIKI-net has already been dis-
cussed earlier, but is an improvement to DeepCascade,
but with a prohibitive number of parameters. Sun et al.
uses a recursive dilated network to drastically reduce
the number of parameters [31]. The W-net model pro-
posed by Souza et al., also employs dual-domain learn-
ing (image- and k-space) and is in essence an IKIKII
model, but with significantly fewer parameters [5].

4.1.2 K-space sampling

CS with random sampling has some limitations in
preserving fine details and introduces noise-like tex-
tures [32]. Instead, performing a uniform subsampling
strategy with factor 2 (that is, sample every other k-
line) is known not to work, as it produces an unsolv-
able inverse problem. Several alternatives have been
proposed.

Hyun et al. uses a uniform subsampling factor 4
and includes the center k-lines, which are low-frequency
lines [32]. Taking into account the conjugate symme-
try property of Fourier space, Defazio notes that when
using uniform subsampling, including an offset reduces
the amount of symmetric redundant information sam-
pled [33]. Zhang et al. instead argues k-line sampling
should be adapted on the fly [34]. It achieves this by
employing an evaluator network, which can distinguish
whether a k-line is a true measurement, or from a re-
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construction. The next k-line to be acquired is there-
fore the k-line which the evaluator is most certain to be
from a reconstruction. Pineda et al. improves on this
work, by instead casting the problem as a partially ob-
servable Markov decision process, and proposes to use
reinforcement learning to solve it [35].

New methods are also introduced that experi-
ment with alternative k-space trajectories. Instead
of a Cartesian trajectory, radial and spiral trajecto-
ries are also possible. Methods that only use a syn-
thesized radial profile have already shown promising
improvements compared to a normal Cartesian ap-
proach [36, 37, 38].

4.1.3 Domain transferring

While radial profiles may positively augment recon-
structions, most existing clinical data are acquired in a
Cartesian trajectory. Given the data scarcity problem,
this might result in a net loss in performance when
learning a network today. However, there is evidence
of successful models which transfer data from one do-
main to another. Transfer learning is where a net-
work is trained on a domain with large datasets avail-
able, then transferred to a domain with scarce datasets
through the use of finetuning the network. Han et al.
demonstrates this potential, by using synthetic radial
MR data from MR image data, or using pre-trained
networks, which has learned radial computed tomogra-
phy data [8]. These pre-trained networks are then fine-
tuned using real radial k-space data. Transfer learning
has also shown promise when transferring from large
collections of natural images and public brain MR im-
ages [39]. Such methods provide a solution to the data
scarcity problem.

4.1.4 Data consistency

The data consistency (DC) layer in CNNs enforces
that reconstruction does not deviate from acquired
k-space data. DeepCascade introduced the idea
by intermittently inserting DC layers between each
block [30]. Data consistency is further developed by
Kocanaogullari and Eksioglu, where they included a
second output to the DC layer, which holds residual im-
age projecting the innovations made at that point [40].
The reconstruction is then based on both the interme-
diate rectified images and the residual images.

4.1.5 Parallel imaging

Parallel imaging exploits the relative intensities of each
coil to predict the spatial location of the signal. These

sensitivity maps are traditionally exploited to more ac-
curately interpolate the missing k-space data, by using,
for example, the generalized autocalibrating partial
parallel acquisition (GRAPPA) technique [51]. Sriram
et al. proposes GrappaNet, which are two U-nets with
the GRAPPA operator in between, which leverages the
additional information found in sensitivity maps [41].
Hammernik et al. also uses sensitivity maps for their
VarNet as input [42]. In this model, a loss function
is employed which optimizes the parameters by com-
paring the reconstruction with an artifact-free refer-
ence image. The sensitivity map input is estimated
from fully sampled k-space, but the performance de-
grades significantly at higher acceleration rates. Sriram
et al. proposes a solution to this problem by including
a U-net, which more accurately predicts the sensitivity
map after estimation [43]. Wang et al. evades the sen-
sitivity map estimation problem with their proposed
DeepcomplexMRI model, allowing for parallel imaging
by implicitly learning the sensitivity maps [44]. Feng
et al. similarly proposed DONet, which is capable of
learning complex representations of multicoil MR im-
ages, demonstrating the value of combining frequency
domains [45].

4.1.6 Multislice image reconstruction

Consecutive slices in a multislice MR acquisition have
strong interslice correlation, and this correlation is ex-
ploited by using interpolated CS [46]. Xiao et al. pro-
poses SR-net, which is uniquely capable of performing
multislice undersampled image reconstruction by using
deformable convolutions, which jointly exploits corre-
lations among and within slices [47]. The results show
an improvement over earlier single slice reconstruction
models, which suggests that neighboring slices help
with image reconstruction.

4.1.7 Alternative deep learning frameworks

Deep de-aliasing generative adversarial networks (DA-
GAN) is a deep learning architecture also based on
CS, but instead using a conditional GAN to obtain
a de-aliased reconstruction [48]. GANs consist of a
generator network and a discriminator network. The
discriminator is employed to distinguish between true
data and data provided by the generator. A GAN is
considered solved when the discriminator can no longer
(or barely) discriminate between real and synthesized
data. A GAN is conditional when a priori information
is included. In DAGAN, only the generator receives
the undersampled image as additional input. The re-
sults suggest an improvement in quality while perform-
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ing reconstructions more quickly than conventional CS
methods.

Since DAGAN, other methods have continued
to use GAN for DL reconstruction. Recon-
GAN/RefineGAN is a method that adds a constraint
that is intended to minimize any data consistency loss
that occurred during a reconstruction [49]. KIGAN
is reminiscent of KIKI-net, where two cascading net-
works, one for reconstruction (K) and one for image
restoration (I), are used [50]. According to Lv et al.,
RefineGAN outperforms other methods in all metrics
but one, the Visual Information Fidelity (VIF) [52].
KIGAN outperforms using the VIF metric. Paradox-
ically, by inspection, the authors find obvious resid-
ual artifacts in KIGAN reconstructions, while VIF is
known to be highly correlated with radiologist assess-
ment for image quality [53].

4.2 Robustness and testing

As touched on before, global quantitative methods
such as SSIM, NMSE, or PSNR fail to properly reflect
deficiencies in reconstructing fine details [54]. Zhao
et al. shows no significant differences in SSIM in vari-
ous slices with various ratios of true positive and false
negatives. Their framework provides testing and com-
parison of algorithms based on their ability to preserve
clinically important details, in addition to the common
performance metrics. Instead, the much less commonly
used metric VIF has shown to be highly correlated with
radiological assessment of image quality [53].

Improvements specifically targetting robustness are
also proposed. Defazio et al.[23] introduces the concept
of adversarial loss to combat streaking artifacts, which
are of particular strength in low SNR regions. The
goal of the adversarial model is to predict whether a
given image contains streaking artifacts. In adversarial
training, a predictor loss function is focused on fooling
the adversary model.

Reliability tests have been proposed by Antun et al.
by using their set of instability tests [7]. Their test has
three parts. Part one introduces tiny perturbations
to the image, which during reconstruction is shown to
lead to severe error. Part two adds significant struc-
tural change, such as a small heart shape, to the image,
to see if the reconstruction algorithm can accurately
recover this shape. The degree of failure in this part
is varied among the algorithms tested, which included
AUTOMAP. The third and final step tests the result
when changing the rate of undersampling. Here, it was
concluded that networks likely need to be retrained for
different combinations of acquisition size, undersam-

pling ratio, and other such parameters.

4.3 Safety and trust

Introducing novel algorithms to the clinic should follow
a continual trust-building approach. McIntosh et al.
promotes a framework where physicians evaluate per-
formance both quantitatively and qualitatively, creat-
ing a feedback loop between end-user and researcher.
In this framework, the goal is a prospective clini-
cal deployment using output from AI only, emerging
from a retrospective clinical simulation with expert re-
view [26].

Topol is in disagreement, and believes AI in health-
care will not surpass beyond conditional automation —
relying on a human as backup. The next step, one of
high automation, where humans are only relied upon
in limited circumstances, is unlikely as “human health
is too precious” [20].

On the subject of trust lies an important unan-
swered question: when do we trust the systems we
build? At what level of explainability, reliability, and
accuracy are we satisfied? These are best answered in
real-world settings, and Wiens et al. suggests testing
systems in silence: results from MR reconstructions
might be exposed to physicians and prospectively val-
idated, then discarded [27].

5 Discussion and conclusion

Deep learning in MRI has reinvigorated the potential of
undersampled MR reconstructions and has shown im-
provements over existing model-based solutions such
as CS. Innovation is going at a rapid pace, and the
ease of implementing the often open-source codebase
as well as the learned parameters has allowed further
development to be based only on preprints rather than
peer-reviewed publications. A number of deep learn-
ing models do not provide the essential reasoning for
their architectural decisions, but instead, simply pro-
vide their results with an accompaniment of various
quantitative statistics. This critique can be alleviated
if papers could provide a better discussion as to why
certain architectures work better than others.

A clear shift can be appreciated, however, in the
literature on undersampled MR reconstruction. Ear-
lier works have primarily focused on taking an under-
sampled Cartesian k-space as input, and providing a
synthetic k-space as output. Models such as VarNet
and SR-net demonstrate that deep learning is able to
extract information from multiple sources to provide
a better result [47, 42]. Multidomain inputs do come
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with much greater computing requirements, and there
is reason to consider whether the benefits outweigh the
costs. Nevertheless, more recent works are investigat-
ing how supplementary data, such as sensitivity maps
or coil configurations, may result in more radiologically
sound images.

An image is only useful for diagnosis if it is able
to extract anomalies. Radiology is about classifying
whether an image contains pathology, and the goal is
therefore not to paint a pretty picture, but to ease clas-
sification. From a sample of 26 deep learning image
reconstruction papers which attempted to outperform
others, 22 used SSIM, 18 used PSNR and 17 used MSE
in their results to conclusively demonstrate the perfor-
mance of their methods. However, each of these met-
rics is all strongly correlated with the level of noise,
and do not properly reflect radiologically sound image
quality [55].

The method by which we measure the quality of
our reconstructions may indeed be flawed. The goal
of a reconstruction is to find pathology using only an
undersampled k-space. Instead, we are deceiving our-
selves by understanding the problem as one of min-
imizing noise across the entire image. If there were
two reconstructions, one with a 99% SSIM but the re-
maining percent holds pathological information, and
another with a significantly lower SSIM but does accu-
rately provide pathology, the preference would be the
latter. Perhaps by aiming for high SSIM, important
details are obscured in the name of noise reduction. A
suggestion would be to design models which explicitly
reconstruct for specific pathology (e.g. for the benefit
of detecting prostate cancer).

The true metric towards measuring the perfor-
mance of a reconstruction model is its ability to pro-
vide a radiologist with the information they need to
perform diagnosis. While initial learning can presum-
ably be done using global metrics, fine-tuning should
ideally be an iterative process between radiologist in-
terpretations and the AI engineer, slowly and carefully
improving upon the model. Such a methodology neatly
falls in line with the discussion on trust, as expert radi-
ologists can actively engage and observe the improve-
ments, which further develops trust.

MR reconstruction from undersampled acquisitions
has been given a restart due to new innovations in AI.
We have addressed a number of prevailing bottlenecks
which impede progression: data scarcity, the compli-
cated nature of noise in MR, (artificially introduced)
artifacts, and deploying the technology in the clini-
cal workflow. However, very recent publications show
promise that the solutions presented in this paper are

contemplated upon. The issues and solutions presented
in this paper are not to be considered exhaustive, but
are recommended to be acknowledged for the benefit
of any future development. With this publication, we
hope to have made a successful emphasis on the con-
cerns summarized, in an effort to further improve deep
learning models for undersampled k-space reconstruc-
tion.
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