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Addressing missing modality challenges in MRI

A comprehensive review
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Abstract ~ Magnetic resonance imaging (MRI) is one
of the most prevalent imaging modalities used for
diagnosis, treatment planning, and outcome control
in various medical conditions. MRI sequences provide
physicians with the ability to view and monitor tissues at

multiple contrasts within a single scan and serve as input
for automated systems to perform downstream tasks.
However, in clinical practice, there is usually no concise

2

images:

3;4,5

, Nika Khosravi 1, Julien Cohen-Adad 343,

problems. Basic techniques such as early synthesis
methods, as well as later approaches that deploy deep
learning, such as common latent space models, knowledge
distillation networks, mutual information maximization,
and generative adversarial networks (GANs) are examined
in detail. We investigate the novelty, strengths, and
weaknesses of the aforementioned strategies. Moreover,
using a case study on the segmentation task, our survey

set of identically acquired sequences for a whole group o ers quantitative benchmarks to further analyze the
of patients. As a consequence, medical professionals e ectiveness of these methods for addressing the

and automated systems both face difficulties due to the
lack of complementary information from such missing
sequences. This problem is well known in computer
vision, particularly in medical image processing tasks
such as tumor segmentation, tissue classification, and
image generation. With the aim of helping researchers,
this literature review examines a significant number
of recent approaches that attempt to mitigate these
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missing modalities challenge. Furthermore, a discussion
0 ers possible future research directions.

Keywords  missing modality; survey; deep learning;

magnetic resonance imaging (MRI)

1 Introduction

Magnetic resonance imaging, widely known as MR,
is one of the most e ective techniques used in
biomedical imaging for obtaining high contrast images
of soft human body tissues such as the brainlf 3],
abdominal organs B{ 6], legs [/, 8], spine P], and
other tissues [10, 11].

T1-weighted, contrast-enhanced T1-weighted (T1c-
weighted), T2-weighted, uid attenuation inversion
recovery (FLAIR), magnetization prepared-rapid
gradient echo (MP-RAGE), and proton density-
weighted (PD-weighted) sequences are among the
most frequently used MRI modalities and are
of particular interest in our study because each
reveals distinct characteristics of human tissue. From
a clinical perspective [L2], each kind of sequence
provides vital and complementary information to
the medical professional, and hence, more accurate
diagnoses can be made when all modalities are present
[13{17]. Similarly, in a machine learning context,
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a missing modality can signi cantly reduce overall
performance [18].

MRI, being one of the most e ective methods for
obtaining high-quality images of human tissue, is
prone to artifacts for various reasons, which can
result in one or more missing imaging sequences
in practical scenarios. These artifacts are often
caused by MRI hardware failure or interactions
between the patients and imaging devices19. Some
examples of these artifacts include the ow of
cerebrospinal uid in the brain and spinal canal,
magnetic susceptibility artifacts, and di erent types
of noise R0O]. Additionally, the process of acquiring
multiple sequences for a patient may be hindered
by various other factors, such as scan time, di erent
hospital protocols, limitations of imaging devices,
or allergies to certain contrast materials p1, 22.
Consequently, the loss of complementary information
provided by the missing modalities poses challenges
for physicians and automated systems alike.

In this article, we de ne missing modality as
the situation where one or more modalities are
absent during inferencing, even though all modalities
(e.g., Tlw, T2w, FLAIR) are available during
training. Following existing literature, we consider
each MRI sequence (or contrast) as a unique
modality and focus on approaches proposed to address
the issue of missing modalities in MRI images.
The importance of missing modalities in medical
treatment is emphasized in Ref. 12]; annotating
an object of interest (e.g., a brain tumor) in MRI
images is prone to uncertainty and mistakes, leading
to a decline in the radiologist's performance by up
to 21% due to human errors during the annotation
process in MRI images 12]. The situation may
worsen if one or more modalities are missing, as
each modality contains specic information that
might not be entirely recoverable using the remaining
modalities. Therefore, an automatic algorithm
capable of compensating for the missing modality
plays a signi cant role in clinical applications, which
is the focus of our case study in this review paper.

Several methods for addressing the missing
modalities problem in MR images have been presented
over the years P1{26]. Early attempts suggested
strategies for synthesizing or imputing absent input
data. The early synthesis methods usually reconstruct
the missing modality images by learning the most
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important features from an atlas image, and then
utilize a traditional classi cation mechanism to
perform voxel-by-voxel intensity prediction [27, 28].
Later methods used deep learning and took various
approaches to solving the problem. These include
translating the modalities to a shared latent subspace
[29], knowledge distillation [18, 30{33], optimizing
key feature information across all modalities B4
36], and employing conditional generative adversarial
networks (cGAN) [37{40].

This review covers all of the aforementioned
approaches, as well as various unique networks for
each direction. In particular, we discuss recent works
that attempt to compensate for missing modalities.
Well-known techniques introduced prior to May 2023
are included, and are grouped into ve categories,
shown in Fig. 1. Section 2 includes a taxonomy
of methods reviewed. A brief description of MRI
sequence acquisition, MRI modalities, and probable
MRI artifacts is also provided. Section 3 includes a
wide range of innovative strategies, including early
methods and deep learning-based strategies with
a greater focus on deep learning approaches that
represent the state of the art in semantic segmentation
while addressing missing MRI modalities. The
novelty, strengths, weaknesses, training datasets,
network design, and major contributions of each
approach are considered. Section 3 provides a
comparative overview. Section 4 summarizes the
most widely used semantic segmentation benchmarks
and highlights their key aspects. Section 5 assesses
the e ectiveness of the proposed methods employing
widely used evaluation metrics, which are provided
at the start of this section. Section 6 reviews
the obstacles and potential solutions of semantic
segmentation networks with missing modalities.
Section 7 concludes this review.

2 Taxonomy

In this section, we first present our search strategy,
then outline our taxonomy (see Fig. 1) that categorizes
di erent strategies to overcome the problem of

semantic segmentation of MRI images with missing
modalities. We will elaborate on these approaches in
Section 3. In the rest of this section, we brie y explain

the MRI technique, MRI modalities, and some of the

artifacts commonly seen in MRI data.
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Fig. 1  The proposed taxonomy for the reviewed methods on MRI-based semantic segmentation with missing modalities. The superscripts

in ascending order represent: 1. [27], 2. [28], 3. [41], 4. [29], 5. [42], 6. [43], 7. [44], 8. [45], 9. [46], 10. [47], 11. [48], 12. [49], 13. [31], 14. [32],

15. [18], 16. [50], 17. [33], 18. [35], 19. [51], 20. [34], 21. [52], 22. [37], 23.

2.1 Search strategy

A comprehensive search strategy was employed to
identify relevant scholarly publications on missing
modality models. The search was conducted using
DBLP, Google Scholar, and Arxiv Sanity Preserver,
which allow for customized search queries and provide
extensive lists of scholarly publications, including
peer-reviewed journal papers, conference or workshop
proceedings, non-peer-reviewed papers, and preprints.
Our search query was formulated as:(missing
modality* deep|medical| MRI*) (compensation |

MRI images*) (deep* | medical* | missing* |
model*) (incomplete* | data* | MRI¥) The
search results were carefully Itered to eliminate false
positives, focusing solely on papers directly related
to missing modality models. Notably, the selection
of papers for detailed examination was based on a
thorough evaluation of their novelty, contribution,
signi cance, and whether they represented a state-of-
the-art (SOTA) approach. At least ve of the highest-
ranked papers meeting these criteria were chosen for
in-depth analysis. It is important to acknowledge
that other noteworthy papers in the eld may exist
that are not included in our review. However, our aim
was to provide a comprehensive overview of the most
important and impactful papers concerning missing
modality models.

[38], 24. [53], 25. [54], 26. [55].

2.2 Magnetic resonance imaging

In this study, we focus on MRI, which is frequently
used for acquiring high-contrast images of soft tissues
with high spatial resolution.

MRI modalities encompass distinct imaging
protocols that unveil dierent facets of human
tissues. The amalgamation of various parameters,
such as RF pulses, repetition times (TRs), and
echo times (TEs), gives rise to diverse MRI series
types, commonly referred to as modalities. These
modalities play a pivotal role in medical imaging,
each emphasizing speci c tissue characteristics. For
instance, alterations in RF pulses, TRs, and
TEs lead to the creation of distinct MRI series
types, o ering varied insights into the human body
[56]. MRI employs a technique known as nuclear
magnetic resonance (NMR), which is based on
the magnetization characteristics of the nuclei of
hydrogen atoms'H, abundant in the human body,
primarily in water but also in fat. A hydrogen
atom consists of a single proton in its nucleus and
a single electron orbiting the nucleus. Protons are
the main focus of MRI, as the technique utilizes the
inherent magnetic properties of protons. Protons
spin around their arbitrarily aligned axis, and the
resultant magnetic moment is responsible for the
proton's magnetic characteristics. During the MRI
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procedure, an external strong uniform magnetic eld,
over 30,000 times stronger than the Earth's magnetic
eld, is applied to the patient's body, causing the
proton spins to align with the eld's orientation and to
precess around the eld lines. The frequency at which
protons precess, known as the Larmor frequency, is
proportional to the intensity of the static magnetic
eld. Subsequently, a radio frequency (RF) current
pulse is applied, which disturbs the proton alignment

and induces coherent precession of the spins. The

RF coils detect the induced magnetization, and the
spatial information of the image is directly encoded
in the Fourier domain through the manipulation of
magnetic gradients [57, 58].

The inherent di erence between pathological and
healthy tissue is revealed in MRI scans by adopting
speci ¢ settings and protocols. Other methods such
as planar X-rays and computed tomography (CT)
expose the body to ionizing radiation, making MRI
a more attractive and safer option. MRI is widely
acknowledged as the most e ective technology for
observing and segmenting human tissue, particularly
the brain.

2.3 MRI modalities

There are several MRI sequences, each of which

highlights unique features of human tissue. We brie y
present the most common sequences.

2.3.1 T1-weighted

T1-weighted scans reveal fat within the human body:
fatty tissues appear brighter in T1-weighted images
than other anatomical tissues [59].

2.3.2 T2-weighted

T2-weighted images accentuate water as well as fat,
resulting in both fat and water containing tissues
appearing bright [60].

2.3.3 Contrast-enhanced T1 weighted (T1c-weighted)

In contrast-enhanced T1-weighted imaging, a
gadolinium-based contrast medium is injected into the
patient's bloodstream to shorten the T1-relaxation
period and improve the detection of lesions with
disruption of the blood{brain barrier.

2.3.4 Fluid attenuation inversion recovery (FLAIR)
The appearance of human body tissue in FLAIR

scans is similar to that of T2-weighted scans, with
the exception that cerebrospinal uid appears dark
rather than bright [61].
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2.3.5 Magnetization prepared-rapid gradient echo
(MP-RAGE)

MP-RAGE scans provide good contrast between

white and gray tissues with a relatively short scan

time. They are used in a large number of multicenter

trials, such as the Alzheimer's disease neuroimaging

initiative (ADNI) [62].

2.3.6 Proton density (PD-weighted)

Proton-density weighted sequences, or PD-weighted
sequences, directly relate to the number of hydrogen
nuclei present in the imaged body region. Since fat
and uids contain many protons, tissues with them
appear bright in PD images [63].

Figure 2 compares di erent types of MRI modalities
in two datasets, the longitudinal multiple sclerosis
lesion dataset p4] and the BraTS dataset [65].
Furthermore, we include visualizations of multiple
sclerosis tumors 66] in Fig. 3 to illustrate the
distinctions between three di erent modalities used
in the identi cation of multiple sclerosis biomarkers.
From the visualization, it is evident that PD-
weighted images play a crucial role in determining
multiple sclerosis biomarkers. Despite the challenges
in acquiring proton density data, PD-weighted
images o er valuable insights into the distribution of
hydrogen nuclei in the imaged tissue: they are useful
for understanding certain pathological conditions,
including multiple sclerosis, in clinical practice.

2.4 MRI artifacts

The MRI artifacts may be divided into three
categories. The rst category includes artifacts
induced by movement, such as respiratory motion,

Fig. 2
[64]: MP-RAGE, T2-w, PD-w, and FLAIR; below [
Tlc, and FLAIR. Each MRI modality reveals di erent characteristics
of the soft tissue of the human brain: combining them provides clinical
professionals with comprehensive information.

Comparison of di erent MRI sequences. Left to right, above
65, 66]: T1, T2,



Addressing missing modality challenges in MRI images: A comprehensive review

245

Fig. 3
(PD)-weighted axial head scans of a patient with multiple sclerosis [

Left to right: T1-weighted, T2-weighted, and proton density
66)].

blood ow, and ow of cerebrospinal uid in the brain
and spinal canal. The second type of artifact can arise
if the measuring technique or settings are not chosen
precisely. Aliasing, chemical shift, phase cancellation,
coherence, and magnetic susceptibility artifacts are
examples of this kind. Finally, exogenous sources like
magnetic eld distortions, the hardware itself and
noise may cause the third type of artifact 67]. It is
worth noting that some of the aforementioned factors
have a substantial impact on MRI scans and could
result in one or more modalities being missing; this
is known to be a common challenge in MRI. Please
refer to Ref. [20] for more details of MRI artifacts.

Figure 4 depicts three of the most frequent MRI
artifacts and how they impair MRI scans by reducing
the visibility and detectability of a region of interest
in the human brain in the obtained scans.

(b)

©

The most frequent MRI artifacts: (a) caused by the patient's

Fig. 4
movement during an MRI scan of the brain [ 68], (b) magnetic

susceptibility artifacts in an MRI scan [
due to MRI hardware [70].

69], (c) RF over ow artifact

2.5 Clinical importance

In addition to the aforementioned impact of missing
MRI modalities on medical treatment, there are
other factors that further emphasize the importance
of addressing this issue from a clinical perspective.
One such factor is the time-consuming and expensive
process of gathering MRI images for patients. MRI
scans are often associated with high costs and can
be burdensome for patients, especially in resource-

limited healthcare settings. Moreover, the acquisition
of multiple MRI sequences for comprehensive analysis
adds to the overall cost and duration of the diagnostic
process.

Furthermore, the annotation burden in medical
image analysis should not be overlooked. Manual
annotation of MRI images, especially for complex
structures like brain tumors, requires specialist
expertise and considerable e ort from radiologists.
The process is labor-intensive, subject to human error,
and may vary between experts, leading to inconsistent
annotation.

The e ect of missing modalities on the clinical
decision-making process is signi cant. The absence of
crucial information from one or more MRI sequences
may result in incomplete assessments and potentially
lead to misdiagnosis or suboptimal treatment plans.
Radiologists heavily rely on comprehensive and
detailed imaging data to accurately diagnose and
monitor medical conditions. Studies show that
human mistakes during the annotation process can
deteriorate the radiologist's work by up to 21% in
MRI images [12]. Therefore, any de ciency in the
available data due to missing modalities can directly
impact patient care and outcomes.

To address these challenges, the development of
automatic algorithms that can e ectively handle
missing modalities in MRI images is of paramount
importance. Such algorithms can provide a valuable
and e cient solution for enhancing the diagnostic
process by imputing the missing information and
generating comprehensive images for analysis. By
leveraging advanced techniques like deep learning and
attention-based models, these algorithms have the
potential to improve the accuracy and reliability of
medical image analysis, ultimately bene ting patients,
and healthcare providers.

3 Missing modality
approaches

compensation

As classi ed in Fig. 1, solutions utilized to overcome
the missing modality problem can be divided into
ve main categories:

Early synthesis methods.

Common latent space models.

Knowledge distillation networks.

Mutual information maximization.

Generative adversarial networks (GANS).
N EZELL

EEA
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These methods usually perform operations in 3D

classi ers: support vector machines (SVMs) and

space (our covered approaches) to address the missing random forests (RFs), using two models, neural

modality problem in MRI images. In the following
parts of Section 3, each of the ve main categories will
be discussed extensively, with numerous prominent
networks introduced as examples and analyzed.

3.1 Early synthesis methods

Prior to the emergence of deep learning methods
and their remarkable performance in medical
image analysis, methods included image processing
techniques, machine learning, or combinations thereof.
This section discusses early attempts to overcome
the problem of missing modalities, which included
synthesizing them using traditional image processing
techniques and machine learning. Generally, image
synthesis refers to the process of generating an image
which contains some speci ¢ content. In terms of
missing modality, the synthesis approach tries to
reconstruct the missing modality image based on the
other available modalities [27].

Ref. [27] conducted experiments on two di erent

Fig. 5

networks and restricted Boltzmann machines (RBMSs),
to synthesize the missing modality. The neural
network used in Ref. R7] is a simple feed-forward
network with just three layers that is able to predict
a 3D patch. The second model used in Ref.2[7]
is an RBM. RBMs can be regarded as stochastic
neural networks that learn critical characteristics of
a probability distribution using relevant information
from an unidenti ed probability distribution [71].

As shown by Ref. R7], inferring missing data at test
time using a synthesis method, which is more adaptive
than the classi er, may improve multimodal image
segmentation by supplying data transformations for
the classier and also enlarging the training set.
Through the use of synthesized data, random forests,
a basic classier presented in Ref. 27], exhibit
improvements in segmentation outcomes.

Figure 5 depicts a model called REPLICA, which
stands for regression ensembles with patch learning

The REPLICA algorithm [ 28] synthesizes T2w images from T1lw images by rst extracting a set of high-level features and then training

a random forest at di erent scales. By matching a feature set at various scales, it synthesizes the T2w image.

Available on

IEEE Xplore®

/

‘ v & it
@) EZER LT

Tsinghua University Press



Addressing missing modality challenges in MRI images: A comprehensive review

247

for image contrast agreement 28]. REPLICA is
a supervised random forest non-linear regression
approach for synthesizing the missing modalities. It
can synthesize T2 and FLAIR, which was previously
thought to be a hurdle. REPLICA is structured
to forecast tissue contrasts based on inputs with
the same tissue contrast as the MRI image to be
produced.

The REPLICA architecture predicts T2-weighted
images from T1-w images. The training process is
depicted in Fig. 5(left), and takes place at three
di erent scales. Firstly, the most important features
from the atlas image set are extracted at each scale,
and the random forest is then trained to predict voxel-
by-voxel intensity. After training, REPLICA aims
to synthesize a missing modality, as follows: starting
from the coarsest scale, the trained random forest
at scale 3 is applied to the features extracted at the
same scale, in order to synthesize the target MRI
scan. With this synthesis at the lowest resolution,
the features extracted from this scale are then up-
sampled to the next level. The procedure proceeds to
scale 1, which is the nest scale, with high resolution
features, and then the trained random forest RF1
generates the nal synthetic image.

Experiments conducted by Ref. PR7] have
demonstrated that in specic scenarios, replacing
the absent modality with a synthesized or imputed
sequence does not worsen outcomes, but it may also
not lead to any improvement. For example, it was
demonstrated that using a sequence generated by a
three-layered feed forward neural network produced
the same results as simply replacing it with zeros
or performing the segmentation without it. Using
more advanced vision transformer-based methods,
Wang et al. [72] proposed a uni ed hybrid framework
called SIFormer to synthesize MRI modalities in an
end-to-end manner. SlFormer utilizes available low-
resolution MRI contrasts to perform super-resolution
of poor-quality MR images and impute missing

3.2 Common latent space models

Adopting deep learning for biomedical image analysis
was one of the signi cant steps for nding a viable
strategy for dealing with missing modality issues in
MR images. The objective of early deep learning
methods for the missing modalities issue was to map
modalities to a shared subspace and create a shared
latent vector. Heteromodal image segmentation
(HeMIS) [29] is a well-known example method that
utilizes this concept. HeMIS consists of three main
layers (see Fig. 6): a back-end layer, an abstraction
layer, and a front-end layer. Each modality is
directed into a specic set of convolutional layers
in the network's back-end layer, which subsequently
translate each modality into a common representation
for all modalities. Arithmetic operations like mean
and variance are computed in the abstraction layer.
The mean and variance are then be combined and
supplied to the front-end layer, which provides
segmentation outputs.

Although establishing a common latent embedding
for all available modalities is one of HeMIS' major
goals, computing the mean and variance alone does
not always su ce. Furthermore, HeMIS can only
function properly in the absence of modalities if each
modality input in the test set is labeled.

The authors of Ref. 42] were inspired by the HeMIS
to create the permutation invariant multimodal
segmentation (PIMMS) network, which in addition
to missing modalities, tackles the issue of missing
modality labels. PIMMS uses a classi er to build a
distribution across modalities for the available inputs,
then awards a score and labels each unlabeled item
of input data. The inputs are then further adjusted
by applying two di erent types of attention: soft and
hard attention. The adjusted inputs are subsequently
supplied to the second part of the network, which is
an HeMIS model.

The regression-segmentation 3D CNN (RS-Net)
model [43] is another method that builds a common

sequences in a single forward process. The generator representation of all modalities and synthesizes the

in SIFormer incorporates a dual branch attention
block that combines the transformer's long-range
dependency capabilities with the convolutional neural
network's local information capture capabilities.
Additionally, a learnable gating adaptation multi-

layer perception is introduced to optimize information

transmission e ciently.

missing modality. Three major blocks make up RS-
Net. The rst block is a 3D U-Net, very similar to the
one presented in Ref.T3]. In this approach, the U-Net
is fed with all of the present volumetric data, resulting
in an intermediate latent representation of the data.
The second block, the regression convolution block,
synthesizes the missing modality using the latent
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Fig. 6

The HeMIS architecture [ 29] applies a series of three connected blocks: a back end block to encode each modality into a latent space

and to learn modality-speci ¢ features, an abstraction block to extract statistical features ( rst and second-order moments), and nally a front
end block to generate the segmentation map based on the learned representation.

representation and also one of the existing volumetric
data as input. The third block is the segmentation
convolution block, which takes the produced latent
representation as input and has multiple segmentation
classes as outputs, each indicating a tumor subtype.
The main shortcoming of RS-Net is that it results
in errors while attempting to synthesize the Tlc
modality. Another method that utilizes a U-Net-
based structure is introduced in Ref. B4]. This
network uses four separate encoding paths to obtain
initial feature maps for each MRI modality. Then,
the nal segmentation map of the missing modality
is generated by combining the initial feature maps
and fusing them with feature maps retrieved along
the decoding path at multiple resolutions.
Subsequent attempts to create a shared latent space
representation resulted in the development of the
heteromodal variational encoder{decoder (HVED),
which is a combination of the 3D U-Net and the
multimodal variational auto-encoder (MVAE) [ 45].
The MVAE architecture contains four encoders, each
of which separately computes variational parameters,
or more specically, mean and variance of each
inference network, which are described as a Gaussian
distribution after being merged [74], and forms a
common subspace.
randomly chosen latent variable from the common
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subspace. The rst four decoders generate the desired
modalities, while the fth generates the segmentation
map. In spite of the fact that HVED out anks HeMIS
and U-HeMIS (an HeMIS extension) it produces
relatively inadequate results when more than one
modality is lacking [46].

Calculating the rst and second moments is not
the only technique used to arrive at a shared latent
representation. This aim may likewise be achieved
using adversarial methods. In Ref. 46], a model
referred to as the adversarial co-training network
(ACN) is proposed. The ACN architecture utilizes
a multimodal path with complete modalities and
a unimodal path with the incomplete modality
as inputs. Each path is trained individually
and passes through a U-Net on its own. Then
the joint learning process works by embedding
an entropy adversarial learning module (EnA), a
knowledge adversarial learning module (KnA), and
a modality-mutual information knowledge transfer
module (MMI) into the network's architecture. The
segmentation maps created by each path are fed into
the EnA module, which is located at the end of the
networks. At each training epoch, the EnA acts as an
adversarial discriminator, assisting the two networks

Next, ve decoders decode a to produce increasingly similar segmentation maps.

The adversarial loss is calculated by the KnA module,
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which, like EnA, assists the two networks to have
more similar outputs. The MMI module's role is
to compute the mean squared error (MSE) and
prevent feature information loss for the path with the
multimodal network.

The authors of Ref. 7] present RFNet, a feature
fusion network. RFNet includes four encoders, each of
which extracts features from a single modality. Then,
in order to build a shared representation, a decoder
that also shares the weights for the four modalities
segments each modality individually. The retrieved
features are then fused at di erent levels using a
region-aware fusion model (RFM), and the produced
fused representation is then segmented.

The method presented in Ref. 48] is a relatively
simple feature fusion method. The unied
representation network (URN) uses a U-Net to encode
each modality independently, then uses a fusion
module to combine the encoders' outputs. Following
that, the newly formed unied representation is
utilized to reconstruct and synthesize the missing
modality. More recently, Knower et al. [49] introduced
a novel approach for learning enhanced modality-
agnostic representations by utilizing a meta-learning
strategy (meta learner), even when only a fraction
of patients have full modality data available.
The proposed method enhances partial modality
representations so that they resemble full modality
representations through meta-training on partial
modality data and meta-testing on a limited number
of full modality samples. In addition, the method
incorporates co-supervision through the introduction
of an auxiliary adversarial learning branch. This
branch involves a missing modality detector, which
acts as a discriminator and learns to mimic the full
modality setting.

In recent work by Liu et al. [75], a novel approach
called multi-contrast multi-scale transformer (MMT)
is proposed for missing data imputation in MRI
images. The primary aim of MMT is to synthesize
missing contrasts from existing ones, e ectively
addressing the challenges arising from varying
contrast availability among patients. Unlike
conventional CNN-based methods, MMT adopts a
sequence-to-sequence learning framework, providing
greater exibility and interpretability. MMT consists
of a multi-scale Transformer encoder and decoder,
allowing it to handle any subset of input contrasts
and generate the missing ones accurately. The

proposed multi-contrast swin transformer blocks
e ciently capture both intra- and inter-contrast
dependencies, resulting in superior image synthesis
performance. The interpretability of MMT is
achieved through in-built attention maps in the
decoder, providing insights into the signi cance of
each input contrast in di erent regions. Extensive
experiments conducted on large-scale multi-contrast
MRI datasets demonstrate the superior performance
of MMT compared to SOTA methods, both
quantitatively and qualitatively. This validates the

e ectiveness and potential of the proposed approach
in addressing missing data imputation challenges in
MRI analysis.

3.3 Knowledge distillation networks

The authors of Ref. [76] presentedmodel compression
in 2006 as a novel strategy that allows simpler
and faster models to learn from a larger, more
sophisticated, and better performing one. The authors
of Ref. [77] were later inspired by this approach;
they recommended training a more intricate and
larger model with also more accurate results, and
then transfer the information gained from this model
to a smaller model with the aim of enhancing its
performance. The proposed approachknowledge
distillation , has subsequently been used in a variety of
networks. This section outlines the methodology of
two networks that employ knowledge distillation.

The hierarchical adversarial knowledge distillation
network (HAD-Net) [31] uses the benets of
hierarchical adversarial training. HAD-Net is
comprised of three sub-networks: a teacher network,
a student network, and a hierarchical discriminator
(HD). The teacher network is a 3D U-net [78], trained
with full modalities. The same 3D U-Net is used to
form the student network as done for the teacher
network, however the T1lc modality is not used
during inference. At varying resolutions, the fully
convolutional HD is in charge of distilling information
from the teacher network into the student network.
Thereafter, a mean squared error (MSE) adversarial
loss is computed between the labels generated by the
teacher network and the student network.

The authors of Ref. B2] introduced KDD-Net, a
model that uses two teacher models, each of which
is trained on all available data that includes samples
with a complete set of modalities identi ed as X ¢
and X 2¢, as well as samples with missing modalities
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identi ed as X ™ and X 24, samples that only contain
the rst and second modality, respectively. The
soft labels for the samples inX ¢ and X % are then
generated using these two unimodal teacher networks.
The student model is a multimodal deep neural
network that can learn a combined representation
from the several modalities available. The student
model is trained with the soft labels generated by the
teacher networks and one hot label.

In other work, a style matching U-Net is proposed
to overcome the problem of missing modalities. This
approach builds its assumption on the idea that the
feature representation in the latent space can be
decomposed into style and content representations.
It performs both style and content matching at
di erent levels to distill the informative features
from the full-modality path into a missing modality
network. Similarly, Karimijafarbigloo et al. [ 33
proposed MMC-Former, a novel missing modality
compensation network, which is designed to address
in an end-to-end manner the challenge of missing
information. Their approach leverages 3D e cient
transformer blocks and employs a co-training strategy
to e ectively train a network that compensates for
missing modalities. To ensure feature consistency
across multiple scales, MMC-Former incorporates
global contextual agreement modules at each encoder
scale. Additionally, they proposed the use of auxiliary
tokens in the bottleneck stage to capture the
interaction between the full and missing-modality

Fig. 7
transfer from the full modality path to a network lacking certain modalities.
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paths, thereby facilitating the transfer of modality-
speci ¢ representations. Furthermore, their approach
introduces feature consistency losses to minimize the
domain gap in network prediction and enhance the
prediction reliability for the missing modality path.
The architecture of this approach is depicted in Fig. 7.
More recently, Liu et al. [50] proposed the M3AE
framework. It consists of two stages. In the rst
stage, a multimodal masked auto-encoder (M3AE) is
introduced. The M3AE uses self-supervised learning
to train a robust multimodal representation by
reconstructing random patches of the available
modalities and applying modality dropout to simulate
missing modalities. Additionally, a representative
full-modal image is optimized using model inversion,
which can be used as a substitute for the
missing modalities during inferencing to improve
segmentation performance. In the second stage, a
memory-e cient self distillation approach is employed
to transfer knowledge between dierent missing-
modal situations. This process ne-tunes the model
for supervised segmentation while incorporating
information from heterogeneous missing modalities.
The M3AE framework is designed to be versatile and
applicable to any combination of modalities, making
it cost-e ective for both training and deployment.
Experimental evaluations conducted on the BraTS
2018 and 2020 datasets demonstrate the superior
performance of the proposed framework compared to
other methods in scenarios with missing modalities.

The MMC-Former model [33] utilizes three feature-matching mechanisms to minimize the domain disparity and facilitate knowledge
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In a similar manner, Choi et al. [30] presented an
innovative approach to address missing modality in
MRI images through knowledge distillation. Their
single-stage learning algorithm aims to improve brain
tumor segmentation by utilizing information from
the missing modalities. Unlike previous methods that
employed a two-stage framework with pre-trained
and student networks, where the latter were trained
on limited image modalities, Choi et al. [30] proposed
training both models concurrently using a single-stage
knowledge distillation approach. The information
transfer is achieved by reducing redundancy from a
teacher network trained on full image modalities, to
the student network through Barlow twins loss at the
latent-space level. To perform pixel-level knowledge
distillation, they also incorporate a deep supervision
strategy, training the transformer-based backbone
networks of both teacher and student paths using
cross-entropy loss.

3.4 Mutual information maximization

In order to minimize information loss in the
missing modality situation, the mutual information
maximization strategy entails optimizing similarity
metrics between available modalities during training.
Crossmodal information maximization for medical
imaging (CMIM) [ 35] is one such network that utilizes
the aforementioned strategy and maximizes mutual
information between modalities instead of using a
shared latent variable across all modalities. CMIM
uses numerous modalities for training but just one
modality at test time. The information about local
and global features is then retrieved from the input
images. For the semantic segmentation task, the
local{local loss is computed, and for the classi cation
task, both the local{local and local{global losses are
calculated: see Fig. 8. The mutual information neural
estimate approach (MINE) proposed in Ref. [79] is
used by CMIM for mutual information estimation.
The CG-MCG network described in Ref. b]] takes
advantage of the signi cant correlations between pairs
of modalities. It comprises three sub-networks: the
rst is a conditional generator, or more precisely, a
conditional U-Net with several encoders, capable of
producing the missing modality in a more monitored
manner by utilizing the index of the missing modality
as the condition (indexes 0, 1, 2, 3 correspond
to T2, Tlc, FLAIR, and T1, respectively). The
authors use a correlation constraint (CC) network

Fig. 8 CMIM architecture [ 35]. The model is trained on a set of
modalites M = fMy;M1;::; My g but the only modality available at
test time is Myx. Mi is the modality local feature for each modality,

Mi is the modality global feature for each modality, represents
the multimodal global embedding shared over all available modalities,
L' ! is the cross-modal local-local loss and L'' 9 is the cross-modal
local-global loss.

as their second sub-network to compute the multi-
source correlation, taking into consideration intensity
distribution pro les and their correlations. The nal
segmentation is determined by the third sub-network,
a segmentation network.

Similarly, Ref. [34] is a latent correlation
representation learning method (LCE-Net) for
addressing the missing modality problem. The
latent correlation representations are created when
each modality is encoded individually and provided
to a model parameter estimation module (MPE
Module), which is then fed to a linear correlation
expression module (LCE Module). The correlation
model is built by the MPE and LCE modules. The
latent correlation representations then travel via the
fusion block, resulting in a fused representation that
spans all modalities. The fusion block employs a
channel attention module and a spatial attention
module. By decoding the fused representation, the
network recreates the modalities and generates the
segmentation map.

Recently, Zhou [B2] proposed a framework that
combines multimodal feature fusion (MMFF) and
latent feature learning. The network serves two
purposes: segmenting brain tumors when one or more
modalities are missing and retrieving the missing
modalities to compensate for incomplete data. The
proposed network consists of three key components.
First, a multimodal feature fusion module (MFFM)
is introduced to e ectively fuse complementary
information from di erent modalities. This module
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includes a cross-modality fusion module (CMFM) and
a multi-scale fusion module (MSFM) to capture and
integrate relevant information. Second, a spatial
consistency-based latent feature learning module
(SC-LFLM) is presented. This module exploits
the correlations between multimodal latent features
and extracts relevant features that contribute to
segmentation accuracy. Finally, multi-task learning
(MTL) paths are integrated into the network to
supervise the segmentation task and facilitate the
recovery of missing modalities.

In a di erent study, Dalmaz et al. [ 22] introduced
ResVIiT, a novel generative adversarial approach
for medical image synthesis. ResViT leverages
the contextual sensitivity of vision transformers,
the precision of convolution operators, and the
realism of adversarial learning. The generator in
ResVIT incorporates a central bottleneck comprising
novel aggregated residual transformer (ART)
blocks, e ectively combining residual convolutional
and transformer modules. These ART blocks
promote diverse representations through residual
connections, while a channel compression module
distills task-relevant information. To address
computational challenges, the authors introduce a
weight-sharing strategy among ART blocks, reducing
the computational burden. Moreover, ResViT adopts
a uni ed implementation, eliminating the need to
construct separate synthesis models for dierent
source-target modality con gurations. Extensive
evaluations on synthesizing missing sequences in
multi-contrast MRI images demonstrate that ResViT
surpasses competing CNN- and transformer-based
methods in both qualitative observations and
quantitative metrics, showcasing its superiority for
medical image synthesis tasks.

3.5 Generative adversarial networks

Generative adversarial networks are a machine
learning method initially presented in Ref. [8(].
GANSs comprise two networks: a generatorG (that
creates the missing modality in our case), and a
discriminator D that determines whether a sample
presented to it was created by the generator or is part
of the original training data. Both the generator and
the discriminator are trained simultaneously. This
strategy increases the generator's performance and, as
a consequence, it reconstructs a sample that contains
and re ects the missing information.
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The authors of Ref. 37] oered a generative
adversarial network (GAN) modication that
synthesizes the missing modality in a single forward
pass, by just using one trained model, from the
multiple inputs provided. In their approach they
utilize the multimodal generative adversarial network
(MM-GAN) that leverages implicit conditioning (IC)
to enhance synthesis outcomes as follows: rstly,
a U-Net as generator rst imputes the missing
modality, secondly, the L1 loss is determined for
the scans produced by the generator, and thirdly
the discriminator is a PatchGAN [ 39] with modality-
selectiveL 2 loss computation (a least squares GAN).

Using conditional generative adversarial networks
(cGANS) to cope with the missing modality issue is
another alternative. A cGAN is a traditional GAN
extension that collects additional information in both
generator and discriminator. The 3D cGAN proposed
in Ref. [38] synthesizes the FLAIR sequence from only
T1 MR images (see Fig. 9). However, due to their
extensive training requirements, using GANs may not
be the best approach.

Recently, Qian and Wang p5 proposed a
framework called the contrastive masked-attention
(COM) model. It employs cross-modal contrastive
learning with GAN-based augmentation to reduce
the modality gap caused by missing modalities. It
also utilizes a masked-attention model to capture
interactions between modalities e ectively. The

Fig. 9 3D conditional generative adversarial network [38].
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augmentation strategy in COM adapts cross-
modal contrastive learning to suit incomplete cases
through a two-player game approach, enhancing
the e ectiveness of multimodal representations.
Interactions between modalities are modeled using
self-attention blocks, and attention masks are used
to limit these interactions to the observed modalities,
preventing the introduction of additional noise.
A notable feature of COM is its exibility to
handle di erent missing patterns, as it utilizes a
uni ed architecture that can accommodate various
combinations of modalities.

In other work, Pan et al. [81] proposed a novel
supervised deep learning approach for MR image
synthesis. The method employs a transformer-based
encoder and is specically designed to translate
2D MR images from T1l-weighted to T2-weighted
modalities within a conditional GAN (cGAN)
framework. Unlike traditional encoders, the authors
utilize a transformer-based encoder and incorporate
adjacent slices to enrich the model's spatial prior
knowledge. By doing so, the proposed method aims
to e ectively synthesize missing modalities, enhancing
the overall performance and accuracy of MR image
synthesis. In the conducted experiments, the results
demonstrate that the integration of a transformer-
based encoder signi cantly facilitates the feature
learning process and leads to notable improvements
in performance.

Most of the analyzed method in this direction
encounter challenges in handling multiple non-aligned

imaging modalities and complex imaging sequences.

To address this, DiamondGAN [54], a scalable
and multimodal approach, was introduced. The
model is capable of exible non-aligned cross-modal
synthesis and data in ll, even when given multiple
modalities or arbitrary subsets of them. It learns
structured information in an end-to-end manner.
Experiments on organ segmentation challenges
synthesized two MRI sequences, namely double
inversion recovery (DIR) and contrast-enhanced T1
(T1c), from three common sequences. The results
were promising; trained radiologists are unable to
distinguish synthetic DIR images from real ones,
indicating the e ectiveness of the proposed method.

3.6 Comparative overview
We now compare and contrast missing modality

3.1{3.5. Table 1 highlights their key techniques
and describes the bene ts and drawbacks of each
approach to provide the reader a clearer picture. As
detailed in Table 1, the synthesis approach performs
compensation based on image reconstruction from
an atlas sample. In practice, these approaches
usually fail to reconstruct the missing information
and result in no performance gain. On the other hand,
common latent space representation methods perform
information retrieval by modeling joint information
from all modalities. However, these methods do not
perform well when more than one modality is missing.

In the third category, knowledge distillation
methods use the strength of the co-training approach
and distill the informative features from a full-
modality path into a missing modality network.
Although knowledge distillation can encourage
feature learning by the student network, important
domain knowledge from the full-modal network is
usually not gained by the student model. Hence,
mutual information matching seems to be a necessary
factor to include in the matching pipeline.

To this end, the fourth direction uses mutual
information  maximization  algorithms.  This
approach calculates similarity metrics across
available modalities and optimizes the mutual
information. Regardless of the strong matching
gain that can be derived from these methods, when
insu cient modalities are available, this strategy will
not necessarily assure that the lost data is recovered
if there are not enough features to reconstruct the
missing data.

In the last strategy, GAN methods are utilized
along with segmentation networks to compensate for
the missing information. It should be noted that the
extensive training costs and noisy synthesis results
are natural weaknesses of GAN methods, and can
result in unstable reconstruction.

All in all, the choice of strategy for designing the
network should accord with the clinical application
and case of study. For a more robust network,
the strengths of dierent directions should be
uni ed into a single network. Such an approach
is proposed in Ref. 18], where the author uses
the knowledge distillation approach along with
information maximization and adversarial losses.
Figure 10 provides a timeline since 2016 for popular

compensation approaches considered in Sections deep learning approaches for semantic segmentation
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