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Abstract

Medical artificial intelligence demands robust multimodal fusion to integrate di-

verse data streams, including anatomical/functional imaging, heterogeneous clin-

ical variables, and irregular longitudinal measurements, for comprehensive clini-

cal insights. However, existing multimodal fusion methods typically assume fixed

modality availability, severely limiting their real-world applicability in dynamic

clinical environments characterized by institutional resource disparities, patient-

specific contraindications, evolving diagnostic workflows, and temporal irregu-

larities in data acquisition. Consequently, flexible modality integration is indis-

pensable for clinical translation, yet significant technical challenges persist: 1)

reliance on complete modality sets during training severely limits data utilization

and generalization to partial inputs; 2) existing inter-modal alignment strategies in-

adequately preserve task-specific unique semantics while adapting to dynamically

changing inputs; 3) architectural inflexibility hinders scalable integration of novel

modalities; and 4) effective modeling of asynchronous temporal-modality depen-

dencies remains critically underexplored. This thesis addresses these core chal-

lenges by developing a set of solutions for clinically adaptive multimodal learning,

enabling robust integration of arbitrary modality subsets across diverse medical

scenarios. Three clinically representative applications were selected to validate

i



ii

our approach across the multimodal integration spectrum:

1. Multimodal MRI synthesis: A typical dense prediction task where com-

plementary sequences are fundamental for soft-tissue characterization yet

frequently compromised by variable acquisition success in clinical practice.

A unified method is proposed to reconcile the artificial fragmentation be-

tween cross-modality synthesis (CMS) and multi-contrast super-resolution

(MCSR) through fine-grained difference learning. Spatial misalignments

inherent in clinical scans are resolved via multi-scale deformable convolu-

tions, while modality-specific structures distinction is recovered through a

synergistic mechanism comprising: a difference projection discriminator,

distinction-aware feature regularization, and incremental feature modula-

tion. This approach achieves consistent high-fidelity reconstruction across

extreme degradation levels (2–16× undersampling), significantly outper-

forming task-specific alternatives.

2. Alzheimer’s diagnosis with heterogeneous modalities: A prevalent clinical

condition requiring diagnostic synthesis of diverse and inherently imbal-

anced multimodal data. The proposed AnyMod architecture addresses com-

binatorial missing-modality complexity and semantic heterogeneity by en-

abling training and inference on arbitrary combinations of imaging and non-

imaging data. Its core innovations include representation-task decoupled

alignment—preserving modality-unique semantics while mapping hetero-

geneous inputs to class-invariant prototypes, along with modality-agnostic

Transformer projectors that eliminate dedicated encoders, and dynamic to-

ken clustering ensuring computational scalability across modality combi-
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nations. Validation demonstrates increasing performance advantages over

combination-specific models as modality count grows, with seamless ex-

tensibility to unseen modalities.

3. Dynamic (Acute Respiratory Distress Syndrome) ARDS risk monitoring

with asynchronous modalities: A critical adverse event in ICU demand-

ing continuous risk assessment from inherently asynchronous data streams

(sparse CXRs, high-frequency vitals, intermittent labs). Effective integra-

tion of these irregularly sampled modalities is achieved through modality-

wise encoding with adaptive positional encodings that preserve temporal-

semantic relationships. The framework incorporates a Staged Temporal-

Modal Fusion module decoupling cross-modal interaction from temporal

processing, complemented by Progressive Context Memory enabling com-

putationally efficient long-range dependency modeling. The framework

provides hourly risk stratification with time-to-onset quantification (AU-

ROC 0.94 <6h pre-onset), revealing 20-fold ARDS incidence in high-risk

cohorts.

All methods are validated on publicly-available datasets, demonstrating perfor-

mance gains over state-of-the-art techniques. By systematically addressing clin-

ical and technical barriers, including data inefficiency, semantic heterogeneity,

architectural rigidity, and temporal irregularities, this work advances multimodal

learning toward clinically adaptive, data-efficient, and equitable AI-driven health-

care.

Keywords: Multimodal Learning, Heterogeneous Data, Medical Image Syn-

thesis, Disease Diagnosis, Alzheimer’s Disease, Risk Prediction, Intensive Care
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Unit (ICU), Dynamic Monitoring, Deep Learning
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Chapter 1

Introduction

1.1 Motivation

Advancements in medical technology have enabled the acquisition of diverse,

complementary data modalities, from anatomical imaging (CT,MRI) to functional

scans (PET) and heterogeneous clinical data (EHRs, genomic profiles), facilitating

a holistic assessment of patient health. The integration of multiple data modali-

ties offers significant potential for improving diagnostic precision, especially in

complex diseases where reliance on a single data source is inadequate. Conse-

quently, deep learning-based multimodal fusion has emerged as a critical tool for

developing objective, data-driven computer-aided diagnostics. Unlike extensive

multimodal studies on vision, language, or audio domains [1, 2, 3, 4], medical mul-

timodal learning confronts distinctive challenges: 1) inherent richness of medical

imaging modalities, such as X-ray attenuation (CT), nuclear magnetic resonance

(MRI), and metabolic activity (PET), which capture spatially correlated anatomi-

cal structures yet exhibit modality-specific physical principles and structural rep-

2
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resentations 2) integration of semantically misaligned, non-imaging data (e.g., lab

tests, electronic health records), and 3) temporal irregularities in longitudinally

sampled modalities. These characteristics demand specialized fusion strategies

for clinically robust decision-making.

Despite the proven superiority of medical multimodal AI over unimodal base-

lines under fixed modality combinations [5, 6, 7, 8], these methods face four fun-

damental limitations impeding clinical adoption. First, existing research remains

artificially fragmented into compartmentalized tasks constrained by static modal-

ity inputs, which forces redundant development. For example, in MRI synthesis,

closely related objectives, including cross-modality translation, missing modality

imputation and multimodal MRI reconstruction, all address target modality syn-

thesis yet evolve as distinct research directions. In Alzhermer’s Disease Diagnosis,

different papers focused on different modality combinations, including T1-MRI

& FDG-PET [9, 10], T1-MRI & specific tabular data [5, 11, 12], Amyloid-PET,

T1-MRI & FDG-PET [13, 14], although they share the same task on improving

diagnostic accuracy. Second, this artificial division ignores clinical reality that

optimal modality availability is dynamic, determined by 1) institutional resource

disparities between well-equipped tertiary hospitals (offering advanced modali-

ties like PET/MRI) and resource-constrained clinics (limited to basic technologies

such as X-ray or ultrasound), 2) patient-specific contraindications including metal

implants prohibiting MRI, radiation risks during pregnancy, or contrast agent al-

lergies, 3) time-critical emergencies where rapid decisions are paramount (e.g.,

stroke triage requiring immediate CT-based decisions), and 4) progressive diag-

nostic workflows involving iterative evidence accumulation from initial laboratory

testing to subsequent advanced imaging. Third, methods assuming fixed modality



CHAPTER 1. INTRODUCTION 4

combinations require complete multimodal training samples, discarding valuable

partial-modality data abundant in real-world settings. This constraint forces mod-

els to train on only a small subset of available data, often representing ideal cases

rather than clinical reality, leading to overfitting on narrow data distributions and

severely limiting generalization to diverse modality combinations encountered in

practice. Lastly, static fusion models lack adaptability to evolving medical knowl-

edge. Emerging technologies like portableMRI scanners or spatial transcriptomics

platforms, alongside protocol updates, render inflexible systems obsolete, neces-

sitating costly retraining cycles.

To bridge these gaps, this thesis studies flexible modality integration, where

models robustly adapt to arbitrary modality subsets or sequences, aiming to pro-

vide unified methodological frameworks that consolidates fragmented research

trajectories for medical multimodal AI applications. To summarize, the motiva-

tion for flexible multimodal integration is: 1) Ensuring clinical resilience across

resource-constrained environments and dynamic patient scenarios to promote eq-

uitable healthcare access. 2) Maximizing data efficiency through training without

full-modality requirements, enhancing generalization to both target tasks and un-

seen modality combinations. 3) Enabling adaptable architectures with potential

capacity for emerging modalities, facilitating sustainable AI evolution alongside

medical innovation.

1.2 Challenges

Despite growing efforts to enhance robustness against missing modalities in medi-

cal multimodal AI, significant challenges persist. First, current approaches, partic-
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ularly imputation-based techniques, improve inference-stage robustness through

modality completion but remain fundamentally limited by demanding complete

multimodal availability during training. This requirement severely constrains data

utilization, as real-worldmedical datasets inherently contain abundant partial-modality

samples due to clinical constraints and data heterogeneity. Consequently, models

fail to leverage the full spectrum of available training data, compromising their

ability to generalize across variable modality combinations. Second, effective

modeling of inter-modal relationships presents unresolved complexities. While

existing alignment methods predominantly focus on cross-modal similarity, they

inadequately address two critical needs: 1) preserving and leveraging task-specific

modality-unique information during similarity modeling, and 2) maintaining ro-

bust inter-modal relationship modeling under dynamically changing input con-

figurations. Third, architectural extensibility for emerging modalities is under-

explored. Most frameworks lack mechanisms for seamless integration of novel

data types without costly retraining or structural overhauls, hindering sustainable

adaptation to evolving clinical technologies. Lastly, temporal modeling repre-

sents a critical frontier. Few studies address the integration of irregularly sampled

longitudinal modalities, where time-series data from diverse sources exhibit com-

plex temporal-modality inter-dependencies. Moreover, the application of such

temporal-modality modeling frameworks to dynamic clinical prediction tasks is

underexplored, despite its critical potential for generating actionable insights into

disease progression trajectories and individualized risk stratification.

This thesis investigates three typical medical applications spanning two essen-

tial medical AI paradigms: dense prediction tasks applied to multimodal medi-

cal imaging, requiring pixel/voxel-level precision with emphasis on anatomical
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fidelity and structural preservation; and decision-centric tasks integrating hetero-

geneous or time-dependent non-imaging modalities for clinical decision support.

Subsequent sections will examine the distinct technical challenges of each appli-

cation.

1.2.1 Multimodal MRI Synthesis: Integration of Multi-Modal

Images

Compared to decision-centric tasks, dense prediction tasks for multimodal med-

ical imaging exhibit distinct characteristics. These tasks typically involve fewer

modalities, with explicit anatomical alignment expectations across imaging sources.

However, acquired multimodal scans rarely achieve perfect spatial registration

in practice. Furthermore, while multimodal generation research has proliferated

across specialized branches, including missing modality imputation, multimodal

reconstruction, and cross-modality translation, these efforts remain fragmented de-

spite sharing the core objective of target modality synthesis. It remains unexplored

on the fundamental connections between these related tasks.

MultimodalMRI sequences constitute awell-established research domain [15],

as clinical protocols often require complementary sequences for comprehensive

soft-tissue characterization despite varying acquisition difficulties. Using flexible

integration of dualMRImodalities for target synthesis as our methodological entry

point, three specific challenges are identified:

• Current approaches remain fragmented by modality availability constraints.

Simultaneous high-resolution acquisition acrossmultipleMRI sequences re-

mains challenging due to widely varying scan times [16]. This has bifur-
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cated research into two disconnected paradigms: cross-modality synthesis

(CMS) when target sequences are entirely absent, and multi-contrast super-

resolution (MCSR) when only undersampled targets exist [17, 18]. Though

both fundamentally aim to reconstruct high-resolution target-modality im-

ages within the same anatomical space, no unified framework adapts to this

modality availability spectrum.

• Spatial alignment assumptions fail to reflect clinical realities. Most method-

ologies presume perfectly coregistered inputs through affine registration,

yet residual non-linear deformations inevitably persist due to patient mo-

tion, tissue deformation, and imaging artifacts [19]. These misalignments

substantially degrade reconstruction fidelity [20, 21] and diagnostic utility

[22], particularly affecting fine anatomical structures.

• Recoveringmodality-specific structures presents unresolved difficulties. Even

assuming perfect alignment, clinically critical features appearing exclusively

in target modalities, or severely degraded in available inputs, challenge cur-

rent approaches. While existingwork predominantly exploits structural sim-

ilarity across modalities, it largely ignores these diagnostically valuable yet

spatially limited distinct structures [23]. This oversight manifests in two

failure modes: alignment-based methods generate spurious signals from in-

terfering reference structures, while global similarity approaches become

unreliable when processing heavily degraded target regions. Consequently,

reconstruction of distinct structures consistently suffers from vanishing de-

tails or pathological blurring, compromising diagnostic value.
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1.2.2 Alzheimer’s Disease Diagnosis: Integration of Image and

Non-Image Data

Alzheimer’s Disease (AD) diagnosis exemplifies the critical need for integrating

heterogeneous non-imaging modalities with neuroimaging data. Unlike spatially

aligned multimodal images, these data streams lack inherent structural correspon-

dence, instead collectively reflecting complex disease pathophysiology through

task-specific relationships. This application presents three fundamental challenges

for flexible multimodal integration:

• The assumption of fixed modality sets contradicts clinical reality. Current

methods require perfectly matched multimodal training data, yet real-world

AD datasets exhibit severe modality imbalance. As the assumed modal-

ity count increases, the available complete samples diminish exponentially,

creating data scarcity for model training. Simultaneously, the combinatorial

space of possible modality subsets expands beyond what any fixed-model

can accommodate during inference. Critically, valuable partial-modality

samples remain unused, while novel biomarkers emerging outside prede-

fined modalities cannot be incorporated.

• Architectural inflexibility limits practical deployment. Existing approaches,

whether parallel processing via shared attention layers [2, 24] or serial cross-

attention [25], fail to address combinatorial scalability. Shared self-attention

incurs quadratic computational growth with added modalities, while cross-

attention designs lack permutation invariance to input order. More funda-

mentally, dependency on modality-specific components (dedicated back-

bones [2], transformers [25], or FFNs [24]) introduces parameter ineffi-
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ciency that exacerbates overfitting in data-scarce medical contexts. This

precludes lightweight adaptation to arbitrarymodality combinations encoun-

tered in clinical workflows.

• Inappropriate alignment strategies obscure diagnostically relevant informa-

tion. Prevailing cross-modal alignment techniques force feature uniformity

across modalities under the assumption of underlying semantic equivalence

[2, 24]. While enhancing robustness to missing data in vision/language do-

mains, this strategy falls short when applied to medical contexts. In contrast

to typical modalities such as vision, language, and audio, medical modal-

ities lack inherent semantic connections. Instead, their relationships are

task-dependent and frequently associated with specific diseases of interest.

Consequently, enforcing direct cross-modal alignment may impede the dis-

covery of unique yet complementary information from various modalities,

which is crucial for differential diagnosis.

1.2.3 ARDSRiskMonitoring: Integration ofAsynchronousModal-

ities

In the third application, asynchronous multimodal learning for dynamic Acute

Respiratory Distress Syndrome (ARDS) risk prediction is investigated, which nat-

urally requires flexible integration of modalities. As in each prediction interval,

the modality could be missing or repeatedly appears at different time points. The

challenges in this application are:

• ExistingARDS riskmodels operate under static paradigms, relying either on

fixed time windows (e.g., first 24h of ICU admission) or isolated imaging
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assessments, which critically misalign with clinical realities during rapid

deterioration. While chest X-rays (CXRs) offer irreplaceable diagnostic

specificity for pulmonary infiltrates, their sparse acquisition (typically 1–

2/day) and delayed manifestation of pathology complement rather than re-

place high-frequency physiological trends from vital signs (VS) and lab-

oratory results (LAB). This asynchronicity creates a temporal disconnect:

VS/LAB streams capture minute-to-minute deterioration, whereas CXRs

provide definitive but lagging structural confirmation. It remains unex-

plored to construct a system that dynamically integrates these asynchronous

modalities to deliver the iterative risk reassessments clinicians need during

actionable windows.

• Existing approaches fail to reconcile the temporal and semantic heterogeneities

inherent in ICU data. Late fusion strategies neglect cross-modal dependen-

cies between sparse imaging findings and continuous physiological trends,

relationships critical for early warning. Meanwhile, deep time series mod-

els assumes temporal synchrony [26], which force arbitrary resampling to

process irregularly sampled data, corrupting latent biological signatures. It

remains challenging on how to encode these asynchronous, irregular multi-

modal time series into a unified latent space while preserving observational

timestamps and signal provenance, while efficiently modeling temporal and

semantic dependencies.

• Continuous risk monitoring imposes computational burdens absent in one-

pass prediction. Simultaneously, severe class imbalance is amplified during

sequential inference, drowning subtle risk signals in majority-class noise.
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These constraints directly conflict with clinical needs: real-time predictions

must complete within clinician workflow cycles while maintaining sensitiv-

ity to rare events. Current architectures either sacrifice temporal resolution

or degrade into heuristic approximations, compromising prognostic fidelity.

1.3 Contributions

1.3.1 Multimodal MRI Synthesis: Integration of Multi-Modal

Images

• A unified framework bridges the fragmentation between cross-modality syn-

thesis (CMS) andmulti-contrast super-resolution (MCSR) through fine-grained

difference learning. This approach establishes shared anatomical coordinate

systems for both tasks, eliminating modality-specific processing pipelines.

By formulating CMS as a generalized case of MCSR with extreme under-

sampling, the framework enables consistent handling of diverse modality

availability scenarios.

• Spatialmisalignment challenges are addressed throughmulti-scale deformable

convolution modules integrated directly into the super-resolution pathway.

These learnable warping operations perform feature-level alignment of de-

graded target inputs to reference modalities, compensating for non-linear

anatomical shifts without separate registration networks or affine transfor-

mation assumptions.

• Modality-specific structural recovery is enhanced via synergistic compo-
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nents: (a) A difference projection discriminator explicitly isolates modality-

exclusive signatures; (b) Distinction-aware feature regularization preserves

clinically critical patterns during reconstruction; (c) Incremental featuremod-

ulation dynamically leverages available target inputs at varying degradation

levels. This triad mitigates blurring artifacts in diagnostically decisive re-

gions.

• Comprehensive validation demonstrates superiority in perceptual quality

across unprecedented downsampling ranges (2×–16×). The framework ex-

hibits consistent performance where existing methods fail, particularly for

fine anatomical structures at high degradation levels.

1.3.2 Alzheimer’s Disease Diagnosis: Integration of Image and

Non-Image Data

• TheAnyMod architecture enables training and inference on arbitrarymodal-

ity combinations through representation-task decoupled alignment. Representation-

level alignment establishes a unified metric space where N modalities dis-

cover complementary features, while task-level alignment maps heteroge-

neous combinations to class-invariant prototypes. This dual mechanism pre-

serves modality-specific semantics while ensuring combination robustness.

• Modality-agnostic Transformer projectors replace dedicated encoders, re-

ducing parameters while permitting seamless adaptation to new modalities.

These tunable projectors map raw inputs to the unified space using shared

self-attention mechanisms, eliminating modality-specific components.
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• Dynamic token clustering bounds computational complexity for variable-

length inputs. By projecting multimodal tokens onto fixed-dimensional task

factors prior to fusion, the framework maintains stable inference costs re-

gardless of combination cardinality. This design supports real-time opera-

tion while processing exponentially growing modality subsets.

• The experimental outcomes demonstrate that, in this novel framework for

learning combinations of modalities, the proposed approach allows a single

unified model to gain increasing advantages over models trained individu-

ally on each combination as the number of modalities grows. Additionally,

the model adapted to new modalities can effectively manage previously un-

seen combinations without requiring additional training, highlighting the

strong scaling potential of the presented model.

1.3.3 ARDSRiskMonitoring: Integration ofAsynchronousModal-

ities

• A modality-wise encoding strategy is introduced to handle asynchronous

data streams. For each modality, a dedicated Transformer layer processes

its constituent variables, incorporating attention masking to accommodate

arbitrary missing measurements without imputation. Temporal alignment is

achieved through a sliding-window algorithm that identifies shared times-

tamps across co-sampled variables, avoiding distortion from resampling.

Furthermore, adaptive positional encodings, conditioned jointly on modal-

ity type and relative observation time, are proposed to preserve temporal-

semantic relationships, demonstrating significant improvements over stan-
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dard encoding schemes in asynchronous learning. Complementing this, the

Staged Temporal-Modal (STM) fusion module addresses architectural limi-

tations through a hierarchical transformer design that decouples cross-modal

interaction from temporal processing.

• Progressive Context Memory (PCM) is proposed to enable clinically feasi-

ble long-range dependency modeling for continuous risk monitoring. By in-

crementally compressing patient history into compact memory states, PCM

maintains temporal awareness over extended ICU stays while reducing com-

putational complexity. Meanwhile, tailor training strategies are proposed,

with balanced sampling significantly enhancing detection sensitivity for early

deterioration signals, and late batching resolving optimization instability in

variable-length temporal modeling.

• An innovative continuous risk reassessment approach, aligned with ICU

workflows, is presented. This method replaces traditional static predic-

tion intervals by providing hourly updates on the likelihood of ARDS and

the urgency of time-to-onset. The framework integrates infrequent chest

X-ray results with high-frequency physiological data streams, converting

delayed imaging into a valuable prognostic reference point. The model

achieved outstanding performance across 24h/48h pre-onset windows (AU-

ROC 0.91/0.87), outperforming previous techniques (AUROC 0.78-0.85) in

a more demanding scenario. Particularly within the critical <6h pre-onset

window, our system successfully detects 91% of ARDS cases, achieving an

AUROC of 0.94. Additionally, it provides actionable risk categorization:

cohorts identified as high-risk (thresholds ranging from 0.5 to 0.7) show a
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20-fold increase in ARDS occurrence. Furthermore, our precise quantifica-

tion (with MAE below 0.6) directly aids in optimizing resource allocation

priorities.

1.4 Thesis Organization

Following this introduction, Chapter 2 provides a comprehensive literature review:

the first section examines methodological approaches to flexible modality integra-

tion in medical multimodal learning, while the second section focuses specifically

on the three target applications—multimodal MRI synthesis, Alzheimer’s disease

diagnosis, and ARDS risk monitoring. This thesis adopts a thesis-by-publication

structure, with Chapters 3, 4, and 5 presenting the three core publications respec-

tively. Each application chapter begins by establishing the problem background

and research gaps. The method section details problem formulations and algo-

rithmic innovations, while experiment-specific elements, including data sources,

evaluation protocols, and implementation details, are consolidated in dedicated

experiment settings sections. Results and their critical analysis follow in subse-

quent discussion sections. Finally, Chapter 6 synthesizes overall conclusions and

outlines future work, encompassing refinements to the proposed frameworks and

broader prospects for flexible modality integration in medical AI.



Chapter 2

Literature Review

2.1 Flexible Modality Integration in Medical Multi-

Modal Learning

Multimodal learning leverages complementary information across diverse data

sources to enhance performance in medical tasks. A core challenge involves de-

veloping fusion strategies that integrate modalities effectively. Early approaches,

such as feature concatenation [27], evolved into tensor fusion [28] and low-rank

factorization [29] to mitigate computational complexity. However, these methods

assume complete modality availability during inference, limiting their applicabil-

ity in real-world scenarios where data may be partially missing. Consequently, a

critical focus in multimodal learning is the development of models that maintain

effectiveness even when handling incomplete modality information [30, 31].

Historical literature addresses flexible input combinations through distinct paradigms.

First, the fixed-modality setting requires all modalities during training but allows

16
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one or more to be absent during inference [15]. Second, learning on incomplete

multimodal data [32] permits missing modalities in both training and inference

phases, albeit within a predefinedmaximummodality count. Third, open-modality

frameworks [33, 34] eliminate fixed constraints, enabling dynamic integration of

novel or scarce modalities.

The overarching aim is to maintain performance under missing modalities

comparable to full-modality settings, which is a theoretically unattainable ideal.

Pragmatically, robust models should: (1) outperform single-modality baselines

by leveraging cross-modal synergies; (2) surpass models trained only on complete

subsets when using all available data (including partial samples); and (3) gener-

alize better to unseen modality combinations than approaches without modality-

completion augmentation.

Two dominant paradigms address missing modalities. The first, imputation,

reconstructs absent data before fusion. Naive deletion of incomplete samples

wastes information; generative imputation often introduces artifacts and compu-

tational overhead [35]. For instance, Zhang et al. imputed missing electronic

health records (EHR) by modeling patient-modality graphs via task-guided ker-

nels and graph neural networks [35]. However, such inverse problems are ill-

posed and may propagate errors. The second paradigm, flexible architectures,

avoids reconstruction by dynamically adapting to input combinations. Subgroup-

ing strategies train separate models for distinct modality subsets, framing learning

as multi-task optimization [36]. Graph-based methods, like hypergraphs linking

instances with identical missing patterns [32], facilitate information exchange be-

tween subgroups but scale poorly to large datasets. Latent space alignment tech-

niques project modalities into a shared embedding, enabling arithmetic operations
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for fusion [37, 38]. Transformers [39] further generalize this via self-attention,

processing any modality tokenized into sequences (e.g., images [40], time-series).

While promising, Ma et al. [41] revealed that Transformers’ robustness varies

significantly with fusion strategies and datasets, lacking a universal solution.

Research bifurcates along modality types due to task-specific demands. Mul-

timodal images primarily target dense prediction tasks like segmentation, recon-

struction, or generation [15]. These require pixel-level alignment and typically

assume full-modality training, emphasizing spatial consistency. Conversely, im-

age and non-image fusion centers on high-level decisions such as classification or

prognosis [35]. Here, modalities are often highly heterogeneous, numerous, and

imbalanced (e.g., scarce lab tests vs. abundant imaging). Challenges include in-

tegrating cross-modal semantics and managing combinatorial complexity during

missing-data scenarios [33], necessitating architectures that scale efficiently amid

modality diversity.

2.1.1 Multi-Modal Medical Images

Existing research on missing modality problems in medical imaging, particularly

in MRI, underscores the significance and complexity of this challenge. Azad et

al. [15] highlights that missing modalities commonly arise due to factors such as

scan duration, varying clinical protocols across hospitals, limitations of imaging

equipment, or patient allergies to contrast agents. These missing sequences re-

sult in the loss of complementary information that is often hard to fully recover

from remaining modalities, , raising the question: Can this missing information be

effectively reconstructed or compensated?
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Notably, Gijs and Marleen [42] explored this intriguing question: although

synthetic data does not introduce new information, why does it still enhance per-

formance? In their experiments, they observed that training and testing using a

single synthetic sequence yielded accuracy comparable to training on the origi-

nal dataset without the synthetic sequence. Substituting the synthetic data with

zeros produced similar outcomes. The process of imputing data enables fixed-

architecture models to adapt more effectively to incomplete modalities, potentially

increasing the effective size of the training data, which aids in improving the gen-

eralization capabilities of deep learning models. However, under identical dataset

conditions, synthetic data did not contribute additional benefits. Furthermore, they

discovered that restricted Boltzmann machines (RBMs) possess a practical advan-

tage over neural networks. RBMs learn a joint probability distribution that can

be utilized to predict any missing sequence, whereas neural networks are explic-

itly trained to predict one sequence given others, requiring a separate network for

each sequence. Additionally, more complex classifiers tend to extract richer in-

formation from the original data and are therefore less likely to gain significant

advantages from synthetic data.

To address this issue, a potential approach involves incorporating additional in-

formation during the inference process. An earlier study on PET/MRI attenuation

correction [43] proposed a similar concept. To estimate attenuation by synthe-

sizing CT images from MRI, the researchers utilized 17 paired MRI-CT datasets.

They integrated both local and global matching techniques to leverage this data

effectively. For the local matching, they established precise mappings at specific

anatomical landmarks following image registration. Subsequently, they employed

a patch similarity matching method in conjunction with Gaussian process regres-
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sion for transformation. In terms of global matching, they aligned the patient’s

MRI and all reference MRIs to an atlas, applied the resulting deformation fields

to the available CT scans, and then computed the average of these CTs as the es-

timated patient CT. To combine the local and global matching results, they used a

simple weighted averaging technique with manually adjusted weighting factors.

In subsequent developments, deep learning techniques emerged to address this

issue more effectively. Approaches such as learning shared latent representations

across modalities [37, 44, 45, 46, 47, 48] have become prominent. For example,

[37] proposed a model embedding each modality separately into a common la-

tent space and computing first and second moments to facilitate segmentation,

thus avoiding the need for multiple imputation models. However, such meth-

ods are often limited to simple statistical measures and do not explicitly model

inter-modality correlations. More advanced techniques, like the dual-path frame-

work introduced by Wang et al. [48], train dedicated models for each possible

missing-modality scenario and share knowledge via a latent space, but tend to di-

lute modality-specific information.

Recent innovations have concentrated on explicitly modeling the relationships

between modalities. Zhang et al. [49] utilized inter-modality transformers with

alignment loss, and incorporated Bernoulli variables during training to simulate

missing modalities, encouraging the model to learn robust, modality-invariant fea-

tures. Meanwhile, approaches based on mutual information maximization [50, 51,

52] aim to retain as much information as possible by optimizing similarity metrics

between available modalities during training. For instance, [52] introduced la-

tent correlation representations derived via linear combinations in a learned latent

space, allowing the estimation of missing modalities from available ones.
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Another promising route involves generative adversarial networks (GANs)

[53, 54, 55, 56, 57], which synthesize missing images conditioned on available

modalities. Specifically, models like MM-GAN [53] and the recent unified syn-

thesis framework by Zhang et al. [58] leverage conditional GANs to generate

missing modalities with high anatomical consistency. However, these models of-

ten require extensive training data of complete modalities, which can be scarce in

medical contexts, and may introduce artifacts that negatively affect downstream

tasks. Additionally, the computational overhead associated with GAN-based syn-

thesis can be substantial, limiting practical deployment.

In contrast to purely generative approaches, techniques like knowledge distil-

lation [59, 60, 61] transfer knowledge from models trained on full data to more

robust models that perform well even when some modalities are missing. For

example, [60] employed a teacher-student framework where a teacher network

trained on complete modalities guides a student network trained solely on partial

data, with the guidance enhanced by hierarchical adversarial training to mimic

intermediate features across multiple scales.

Overall, current research indicates a shift from simple imputation towards

more sophisticatedmodeling of inter-modality relationships and robustness tomiss-

ing data, leveraging latent correlation representations, attention mechanisms, and

adversarial training. Nevertheless, challenges remain in designing models that are

scalable, generalizable to unseen modality combinations, and capable of preserv-

ing critical diagnostic information with minimal computational cost.
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2.1.2 Medical Image and Mon-Image Data

Existing research that primarily focuses onmultimodal images generally addresses

dense prediction tasks such as image synthesis and segmentation. In routine clin-

ical practice, a single patient’s visit often generates diverse types of digital data

across multiple modalities, including image data, such as pathology slides, radiol-

ogy scans, and camera images, and non-image data, such as laboratory test results

and electronic health records. This heterogeneity in data sources offers comple-

mentary perspectives of the same patient, thereby enabling more comprehensive

support for various clinical decisions, including disease diagnosis and prognosis.

The process of multimodal learning generally consists of three key compo-

nents: single-modal preprocessing and feature extraction, cross-modal feature in-

tegration, and prediction modeling. The architecture of the feature extraction

module is determined by the specific modality type. For instance, 2D/3D Con-

volutional Neural Networks (CNNs) and BERT are commonly used for extracting

features from images and text, respectively. Additionally, Transformers can serve

as a unified framework for feature extraction by converting elements from im-

ages, text, and tabular data into token representations, as demonstrated in recent

studies [62]. For preprocessing, the methods varies in different detailed modali-

ties. For pathology images, which are large 3-channel 2D images, the first step

is to define the ROIs from the whole slide image, which could be manually anno-

tated by experts, segmented by pre-trained segmentationmodel or selected by pixel

density. Differently, radiology images typically go through skull-stripping [63],

affine registration [63], foreground extraction [14], lesion segmentation [63, 64],

then resized or cropped to a uniformed size, and then the intensities are standard-
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ized. For 3D images, they could be converted to 2D through maximum intensity

projection [65] and selection of representative slices [64, 66]. For functional MRI

[67, 68], which benefits autism spectrum disorder and Alzheimer’s disease. It is

normally divided into regions using templates and then the correlation coefficient

between regions is calculated to form functional connectivity matrix. For struc-

tured data, the categorical values will go through one-hot encoding or soft one-hot

encoding [69]. For the high-dimensional genomic data, preprocessing includes

feature selection with highest variance as the most informative ones. Missing data

is a common problem in tabular data, and it can be alleviated at the preprocessing

stage. Attributes with high missing rate are normally directly discarded, while the

others are imputed by average, mode or K-nearest neighbors [65]. The missing

status was also recorded as input features [70, 71].

The integration of differentmodalities can generally be categorized into decision-

level and feature-level fusion. Decision-level approaches involve selecting (via

voting or meta-classifiers) or weighting predictions from multiple unimodal mod-

els [63, 65, 72, 73, 74, 75]. These techniques demonstrate flexibility when dealing

withmissingmodalities and, in some cases, outperform simple feature-level fusion

methods [72, 75]. However, they lack interaction among heterogeneousmodalities

before consolidating them into a final prediction format. In contrast, feature-level

fusion, when appropriately designed, holds the potential to uncover and leverage

the intricate relationships between heterogeneous features for prediction tasks.

For feature-level fusion, the integration of different modalities typically re-

lies on operations such as addition, multiplication, and concatenation. Among

these, the most straightforward approaches—concatenation, element-wise addi-

tion, and element-wise multiplication—are widely adopted in early multimodal
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studies [63, 65, 73, 76, 77, 78]. These three methods were evaluated in the con-

text of breast cancer diagnosis [65], with results indicating no substantial differ-

ences among them. However, concatenation may suffer from the dominance of

high-dimensional features, which can be mitigated by enhancing low-dimensional

features [78]. Notably, an earlier study [14] addressed the issue of missing modali-

ties. To maximize the use of available samples, the authors proposed a three-stage

pipeline, where all stages are guided by classification tasks. In the first stage,

unimodal deep neural networks (DNNs) are trained separately for each modal-

ity, allowing the utilization of all samples regardless of missing data. The sec-

ond stage involves fusing pairs of modalities, leveraging samples with only one

missing modality. Finally, in the third stage, features obtained from the second

stage are combined, optimized using the smallest subset of samples with complete

modalities. The flexibility of this approach stems from enumerating all possible

combinations and enforcing classification tasks in each scenario. Nevertheless,

there are certain limitations: 1) the computational cost increases proportionally

with the number of modalities; 2) concatenation-based fusion is overly simplistic,

particularly when dealing with a larger number of modalities; 3) separate supervi-

sion for each modality may align features from different sources toward a common

task, akin to challenges observed in decision-level fusion.

These basic operations do not add extra network parameters on their own.

However, element-wise operations require uniform dimensions across different

modalities and assume well-aligned elements within these modalities. Addition-

ally, concatenation may result in long feature vectors that are computationally

expensive to process and prone to overfitting. To overcome the limitations of

element-wise operations and capture complex relationships among heterogeneous
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modalities, several advanced techniques have been introduced. Tensor-based fu-

sion utilizes the outer product of augmented feature vectors from different modal-

ities [28]. For modeling higher-order interactions, another tensor-based approach

[79] performs P times self-outer product on concatenated and augmented multi-

modal features, generating a P-dimensional tensor that captures interactions up to

order P+1. The computational cost is significantly reduced using low-rank tensor

networks. Furthermore, to improve expressiveness, attention weights can be in-

corporated into both multiplication-based and addition-based methods, enabling

interactions either between or within modalities. In the health domain, Kronecker

product-based tensor fusion combined with gated-attention layers has been em-

ployed to integrate genomic data, cell graphs, and pathology images [80]. Another

tensor-based method [75] applies outer products for both inter-modal and intra-

modal interactions. Orthogonal regularization is applied to the learned features

from four modalities to promote diversity and minimize redundancy in tensor-

based fusion [81].

Besides, attention-based techniques represent a significant trend in multimodal

fusion. For instance, attention scores can be allocated to each modality prior to

concatenation, as demonstrated in [66]. In another study [82], pooled image fea-

tures and tabular data were concatenated to derive element-wise attention scores

for all features. By treating image features as the primary predictor, non-image

features were utilized to provide channel-wise attention for image features, as de-

scribed in [83]. A similar approach was adopted in [71], where tabular data mod-

ulated the 3D image feature map through affine transformation. Self-attention

mechanisms and transformer architectures have become prominent in recent mul-

timodal studies. In [84], tabular features were expanded to align with 3D image
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features before concatenation for self-attention computation. The resulting outputs

were subsequently flattened and concatenated once more with the original tabular

features to produce the final prediction. Cross-attention derived fromWSI and ge-

nomic features was employed to weigh WSI features, as shown in [80]. Symmet-

ric cross-attention was also utilized to ensure equal treatment of both modalities,

as seen in [69, 76]. With regard to textual modality, transformer-based language

models have been increasingly applied in healthcare domains. BERT [85] has

been used to extract text features, followed by fine-tuning after incorporating im-

age tokens [86]. Moreover, visual-text transformers pretrained on general datasets

were further fine-tuned using radiology images and their corresponding reports, as

conducted in [87].[87] using radiology images and the corresponding reports.

Multimodal fusion has also been integrated into graph neural networks. In

[70], every voxel of the 3D image features, which represents a specific region in

the original 3D image, is treated as a node within the graph. The node feature

is formed by combining multimodal features. By integrating non-image features

into the graph propagation process, this method refines modality interactions at

the regional level rather than the overall image level. This approach has also been

applied to population-level graphs. Methods based on population graphs [67, 68]

utilize patient features from both the labeled training set and the unlabeled test

set to construct a large graph that connects each patient. Here, image features

serve as nodes, while the correlation of tabular features is used as edge weights to

establish a graph convolutional network. During the learning process, non-image

data influences the extent to which information from image data can be transferred

between patients’ image data.

Recent studies have explored generative approaches to compensate for missing
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modalities, either at the instance level or through embedding reconstruction. For

example, Ma et al. [30] introduced a Bayesian meta-learning framework to recon-

struct features of absent modalities. Hayat, Geras, and Shamout [88] employed an

LSTM layer to create a representative vector suitable for general scenarios. Addi-

tionally, Zhang et al. [35] suggested leveraging auxiliary information in the latent

space for imputation. However, these techniques often rely on prior knowledge or

assume similarity among different modalities. There is also concern that methods

depending on generated representations may lack robustness [89]. An alternative

strategy involves separating shared and complementary information across modal-

ities, utilizing the shared component for reconstruction or downstream tasks [90,

91]. Despite this, many existing works primarily address modalities with sub-

stantial shared information, such as using four MRI modalities for brain tumor

segmentation. The challenge of managing missing modalities in highly heteroge-

neous contexts, like the integration of EHR and medical imaging, remains largely

unresolved.

2.2 Multi-Modal Learning in Targeted Applications

2.2.1 Multi-Modal MRI synthesis

2.2.1.1 Cross-modality Synthesis

Cross-Modality Synthesis (CMS) is a key task in the field of medical image trans-

lation. Initially, methods treated MRI translation as a regression problem. For in-

stance, random forest [92] was utilized to perform nonlinear regression in feature

space for predicting target modality intensity. In another study [93], the authors
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suggested modeling a shared latent representation to accommodate multiple input

modalities. While regression-based techniques focus on pixel-level accuracy, they

often produce overly blurred results. On the other hand, generative approaches ef-

fectively capture the distribution of target images, maintaining finer details in syn-

thesized outputs. Consequently, conditional GANs, exemplified by Pix2Pix [94],

have emerged as the dominant solution for CMS. In [95], an edge-aware condi-

tional GAN was introduced. This method highlights edges by incorporating an

edge detector post-generator, where detected edges are fused with the generated

image to serve as attention cues for the discriminator. Furthermore, the authors

proposed a sample-adaptive GAN model [96], which enhances local spatial learn-

ing through dual pathways, allowing flexible adjustments for CMS tasks. In [53],

a multi-input multi-output MR pulse sequence synthesizer was developed within

the Pix2Pix framework, leveraging PatchGAN to ensure precise local feature syn-

thesis. A comparable strategy was adopted in [97], where the translation module

was integrated into segmentation and registration networks to improve overall per-

formance in MRI translation.

The utilization of unpaired data has garnered significant attention in the field of

medical image translation. Unsupervised CycleGAN, as introduced by Zhu et al.

[98], demonstrates this approach by enabling cross-domain image translationwith-

out relying on paired datasets through the enforcement of cycle consistency. De-

spite advancements, some studies have integrated CycleGAN with unpaired data

[99, 100], raising concerns regarding its suitability for medical image translation

due to challenges such as generating multiple potential solutions [18] and vulner-

ability to severe systematic misalignments [21]. A comparative analysis between

conditional GAN (cGAN) and CycleGAN in MRI-CT translation [101] revealed



CHAPTER 2. LITERATURE REVIEW 29

that while CycleGAN can produce realistic CT images, it performs less effectively

than cGAN, particularly in areas with weak MR signals, such as bone/air inter-

faces. This highlights the significance of incorporating a conditioning mechanism

when employing generative models.

An alternative strategy is presented inMT-Net [102], which bypasses the use of

CycleGAN by leveraging unpaired data to pre-train an edge-aware Vision Trans-

former (ViT) encoder. This method enhances performance even when limited

paired training data is available. Another research avenue addresses misaligned

data, where matched pairs may not be perfectly aligned during preprocessing.

RegGAN [18] treats misaligned targets as noisy labels and adapts a registration

network to accommodate the distribution of misaligned noise. In contrast, Honka-

maa et al. [21] emphasized the concept of deformation equivariance, disentangling

rigid misalignment from elastic deformation to mitigate systematic errors learned

by the translation network.

Furthermore, certain studies explore featuremodulation and style transfer within

the context of cross-modalityMRI synthesis. Qin et al. [100] integrate pix2pix and

CycleGAN, utilizing Adaptive Instance Normalization (AdaIN) to facilitate style

transfer. Zhan et al. [103] advocate for explicitly representing the target style

within a style transfer network by incorporating an auxiliary GAN to produce a

pseudo-target as the style reference. Hu et al. [104] introduce neural architec-

ture search into MRI translation, proposing a GAN-based perceptual search loss

to achieve a balance between performance and model complexity.
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2.2.1.2 Multi-Contrast MRI Super-Resolution

Multi-contrast MRI super-resolution (MCSR) typically surpasses single-contrast

methods and has become an increasingly significant research area. In contrast

to single-contrast super-resolution, the primary challenge in multi-contrast sce-

narios lies in effectively modeling the relationships between different modalities,

with numerous approaches emphasizing cross-modal similarities. Early traditional

techniques focused on modeling contrast-invariant representations, such as im-

age gradients [105], local covariance [106], and non-local similarity graphs [107].

These representationswere subsequently integrated into optimization-based frame-

works [105, 107] or interpolation filters [106, 108]. Deep learning-based ap-

proaches have demonstrated superior outcomes compared to conventional meth-

ods, benefiting from the effective registration of multi-modal inputs during pre-

processing [109, 110].

Following methods have concentrated on sophisticated attention mechanisms

for capturing both local and global similarities. These include spatial-channel at-

tention mechanisms [17, 111] as well as cross-attention Transformers [112, 113,

114, 115]. Drawing inspiration from reference-based super-resolution techniques

[116], global matching strategies have been incorporated to explore global simi-

larity within the reference modality. Such approaches are frequently augmented

with Swin Transformer for unimodal feature extraction [117]. A recent study [118]

has further refined this concept by integrating patch-based self-attention modules

with channel-based ones [119] for unimodal feature extraction. By reducing the

size of the search window under spatial alignment constraints, these methods ad-

dress issues related to computational complexity and overfitting, which arise due
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to the inherent differences between reference-based SR and MCSR [120]. More-

over, deformable attention in vision transformers [121] has been utilized in the

backbone architecture to enhance computational efficiency [120].

Notably, the challenge of identifying fine-grained differences has been high-

lighted in prior studies, encompassing issues such as spatial misalignment [20]

and structural variations [107]. In [20], the researchers addressed subtle spatial

misalignments arising from imperfect pre-registration, a prevalent issue in practi-

cal applications that is often overlooked. To tackle this, they proposed an explicit

modeling approach using an auxiliary registration network to generate a deformed

reference. Multi-modal fusion was subsequently achieved via concatenation af-

ter establishing refined spatial correspondence. On the other hand, in [107], the

authors suggested explicitly constructing a cross-modal correlation map by lever-

aging patch-level global similarity graphs. This map was then utilized to assign

weights to information from various contrasts during interpolation. While the cor-

relation map effectively captures coarse structural distinctions while mitigating

noise, it requires significant computational resources. Additionally, the straight-

forward weighted interpolation method proves insufficient for achieving precise

restoration.

Although generative methods share similar objectives with CMS, they have

not yet been extensively adopted in MCSR. While direct optimization of pixel-

wise loss can achieve higher quantitative outcomes compared to adversarial loss,

it often results in overly smoothed outputs [122]. To tackle this issue, the study

in [123] was among the first to apply conditional GANs in MCSR by integrating

priors across various frequency levels. Recently, there has been growing interest

in leveraging generative approaches for this task. For instance, TransMRSR [124]
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combined a generative prior into the process, utilizing an unconditional generative

model pretrained on extensive target-domain images as a static decoder. Never-

theless, this strategy might introduce additional uncertainty due to the nature of

unconditional GAN generation. On the other hand, DisC-Diff [125] incorporated

the diffusionmodel, employing amulti-input architecture with feature disentangle-

ment to approximate the reverse distribution during each iteration. The advantages

of diffusion models include stable training dynamics and the ability to estimate un-

certainty; however, these models are resource-intensive and encounter challenges

in achieving precise conditioning for fine-grained generation.

2.2.2 Alzheimer’s Disease Diagnosis

Alzheimer’s disease, a neurodegenerative disorder marked by amyloid-β plaques,

tau tangles, and progressive cognitive decline, demands early and precise diag-

nostic strategies to enable timely intervention. Neuroimaging modalities such as

structural MRI, amyloid-PET, and FDG-PET provide complementary insights into

distinct pathological processes. While MRI identifies structural degeneration in

regions like the hippocampus, PET imaging reveals molecular-level dysfunction

years before symptomatic onset. Pioneering works in multimodal AD analysis

concentrated on predetermined modality sets.

T1-weightedMRI and FDG-PET imaging data are the most commonly consid-

ered modalities in multimodal AD analysis. Liu et al. [126] developed a cascaded

CNN framework for Alzheimer’s disease diagnosis that hierarchically processes

MRI and PET scans. The architecture employs parallel 3D-CNNs to extract local

patch-level features from each modality, followed by a 2D-CNN that integrates
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these multimodal representations into a unified feature space. The fused features

are then fed into a softmax classifier for final diagnosis. This hierarchical de-

sign simultaneously captures local biomarker patterns while modeling their global

cross-modal correlations, demonstrating improved diagnostic accuracy compared

to single-modality approaches. Huang et al. [127] leveraged both T1-weighted

MRI and FDG-PET imaging data by concatenating their features in a multi-modal

3D CNN network. The proposed approach demonstrates that high diagnostic ac-

curacy can be achieved without the need for prior segmentation of brain structures,

specifically focusing on the hippocampal region, which is highly relevant in AD

progression. The results highlight the importance of integrating complementary

information from different imaging modalities, as the combined use of MRI and

PET significantly improves classification performance compared to single modal-

ities. Shi et al. [128] proposed to explicitly model the coupled interactions at both

the feature level and modality level, the coupled feature representation captures

the inherent relationships among features from different brain regions, which are

known to be anatomically and functionally interconnected. Shi et al. [129] pro-

posed to construct adaptive similarity matrix that evolves with feature selection,

where similarity learning is shared acrossmodalities, and the local structure preser-

vation enhances discriminative power.

Liu et al. [130] constructed graph convolutional network from structural MRI

and functional MRI, demontrating that strategically combining structural discrim-

inative features with functional connectivity patterns can significantly improve

neuropsychiatric disorder classification, while also providing interpretable biomark-

ers of disease-related brain network alterations. Chen et al. [131] employs or-

thogonal projections to map multi-modal neuroimages into a discriminative latent
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space, utilizing adaptive feature weighting to prioritize diagnostic biomarkers and

joint graph learning to capture cross-modal correlations.

In addition to sMRI and PET, other heterogeneous types of data, such as cere-

brospinal fluid (CSF) biomarkers and genetic information, have also been inte-

grated into multi-modal learning approaches. Suk et al. [132] proposed a hierar-

chical deep architecture that recursively eliminates uninformative features through

sparse multi-task learning, where optimal regression coefficients quantify feature

importance and serve as weighting factors for subsequent hierarchies. The method

further incorporates class distribution characteristics by employing clustering-induced

subclass labels as target responses in the weighted sparse regression framework.

Tong et al. [133] introduced a nonlinear graph fusion process to combine the

similarity graphs from different modalities, generating a unified graph for struc-

tural MRI, FDG-PET, CSF biomarkers and genetic information. El-Sappagh et

al. [134] further involved cognitive test scores, considering five different types

of modalities in their study. They proposed a stacked CNN-BiLSTM architec-

ture that processes each time-series modality separately to extract both local fea-

tures (via CNN) and long-term temporal dependencies (via bidirectional LSTM)

and a late fusion strategy of all learned features for joint prediction of multiclass

progression status and four cognitive score regression tasks. Tu et al. [11] in-

tegrated MRI scans, clinical data (MMSE, CDR), APOE genotype, and demo-

graphic data. They proposed geometric algebra-based feature extension to en-

hance low-dimensional clinical/biological data, and influence degree-based fea-

ture filtration to remove non-discriminative features. Qiu et al. [5] conducted a

large-scale multi-centre study involving neuro-imaging data, clinical assessments,

functional evaluations, demographic data, and APOE genotype. They proposed a
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multi-stage diagnostic pipeline including classifing NC vs MCI vs dementia, and

then distinguishing AD from other dementia. Their method achieved 96.2% accu-

racy for AD diagnosis, which exceeds clinician diagnosis accuracy and identifies

biologically plausible biomarkers. Han et al. [135] integrated multiple biolog-

ical modalities including mRNA expression data that provides gene activity in-

formation, DNA methylation data that offers epigenetic regulation insights, and

miRNA expression data that reveals post-transcriptional regulatory mechanisms.

They proposed a multimodal dynamics method introduces an innovative two-stage

fusion approach that dynamically assesses both feature-level and modality-level

informativeness. At the feature level, a sparse gating mechanism with L1 regu-

larization identifies and weights the most informative molecular features for each

sample. At the modality level, true class probability estimation evaluates the con-

fidence and reliability of each omics data type for every individual case. These

dynamic assessments are then integrated through a nested fusion architecture that

combines the weighted features and confidence-adjusted modalities to produce

more trustworthy predictions. The framework’s key innovation lies in its sample-

specific adaptive weighting of both individual biomarkers and entire modalities.

Zhou et al. [13] leveraged deep canonical correlation analysis to maximize the

correlation among structural MRI, function connectivity data, and SNPs in the la-

tent space. This method identifies modality-specific discriminative features and

highlights disease-relevant imaging-genetic relationships, which provides inter-

pretable attention maps for clinical insights. Zhang et al. [136] introduced cross-

attention in modeling inter-modality relationships among imaging data and CSF

biomarkers, with modality alignment loss to reduce feature space discrepancy.

This method achieved superior performance over traditional concatenation-based
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fusion methods by effectively modeling cross-modal relationships through its at-

tention mechanism. Kang et al. [137] adopted a dual-branch architecture includ-

ing a vision branch processes sMRI scans via CNN and a attribute branch encodes

clinical data. The prompt learning mechanism learns modality-specific prompts

to bridge visual-clinical gaps, and generates dynamic prompts conditioned on in-

put attributes. The framework demonstrates innovative use of prompt learning

for neuro-clinical data fusion, showing particular strength in identifying high-risk

pMCI cases. Qiu et al. [138] considered not only sMRI, fMRI but also Diffusion

Tensor Imaging (DTI) for white matter integrity, and Amyloid PET for patho-

logical protein deposition. They introduced an innovative three-level fusion ar-

chitecture for multimodal integration. At the global level, a self-adaptive Trans-

former captures cross-modal relationships across the entire brain volume. The

local level employs specialized convolutions to identify regional associations be-

tweenmodalities, while the latent-space learningmodule enhances representations

through outer product operations to discover deeper multimodal interactions. The

network further incorporates a disease-induced region-aware learning module that

uses gradient weighting to highlight Alzheimer’s-relevant brain regions, provid-

ing both improved performance and some degree of interpretability by identifying

important pathological features.

Most of existing work on multi-modal AD analysis assumes full availability

of all modaltiy data. However, missing modality is a common challenge in prac-

tical scenarios especially for this task with numerous and imbalanced modalities.

However, most AD-related work only solves missing PET problem in T1 MRI

and PET fusion. Pan et al. [139] addresses the common clinical challenge of

missing PET data by a CycleGAN-based framework to synthesize missing PET
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scans from available MRI, and demonstrated advantages over other imputation

methods. Similarly, Jin et al. [140] also addresses missing PET data through

a hybrid deep learning framework that integrates image synthesis and classifica-

tion, it involves three different stages that pretrains on complete paired MRI-PET

data, uses classification features to guide PET synthesis, and fine-tunes the clas-

sifier on synthesized PET images. Liu et al. [141] proposed a auto-encoder based

multi-view completion framework. First, an auto-encoder network maps avail-

able complete modality data to a latent space representation, reducing noise and

dimensionality while preserving structural information through graph regulariza-

tion. Then, it uses these learned representations to complete missing PET data in

kernel space rather than raw feature space, maintaining complex high-dimensional

relationships. The method incorporates Hilbert-Schmidt Independence Criterion

(HSIC) constraints to preserve inherent cross-modal associations during comple-

tion. Finally, a kernel-based multi-view approach integrates the completed data

to produce robust common representations for diagnosis. Liu et al. [142] also ad-

dresses image synthesis and clinical prediction simultaneously. A generative ad-

versarial network synthesizes missing PET scans from available MRI data, while

a classification network integrates features from both real and synthesized im-

ages for progression prediction. These components are jointly optimized through

shared feature representations, enabling the synthesized images to be specifically

tailored for the prediction task. The method further incorporates transfer learning

to address data scarcity by pretraining on the largeADNI dataset before fine-tuning

on smaller clinical cohorts. This allows the model to leverage patterns learned

from extensive multimodal data even when applied to datasets with limited sam-

ples or missing modalities. Differently, Abdelaziz et al. [143] considered three
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modalities, including T1-weighted MRI, FDG-PET scans, and genetic data. They

explicitly addresses missing data through a linear interpolation technique to fill

missing features in incomplete samples, and they demonstrated the statistical sim-

ilarity between synthetic and real features. These studies are based on a restricted

and unchanging set of modalities, necessitating training with fully aligned multi-

modal data. In real-world scenarios, however, this assumption may not always

be valid due to the uneven distribution of modalities. As the number of assumed

modalities grows, the proportion of complete modality data will decrease, leading

to inadequate samples for effective training. At the same time, the total number of

potential combinations will increase dramatically, which might not correspond to

the specific combination observed during the inference process. Furthermore, pa-

tients could have AD-related information that falls outside the predefined modal-

ities.

2.2.3 ARDS Risk Prediction

Highly relevant works are first introduced in chronological order, followed by

conclusions on clinical setting and prediction objectives, patient selection criteria,

study scale and data sources, and approaches for handling missing data.

In early studies, simple rule-based electronic algorithms have been described

that analyze EHR data to screen patients for ARDS [144, 145]. Gajic et al. [146]

validated the effectiveness of Lung injury prediction score (LIPS) calculated from

clinical records (weights adjusted based on logistic regression) as initial risk as-

sessment of acute lung injury at the time of admission. It was reported that in 2500

patients, LIPS achieved AUROC of 80%(95%CI : 76%− 83%), with sensitivity



CHAPTER 2. LITERATURE REVIEW 39

of 69%(95%CI : 64%− 74%), PPV of 18%(95%CI : 16%− 20%).

Later, Reamaroon et al. [147] addressed the challenge of label uncertainty in

ARDS diagnosis, arguing that could lead to more efficiently learning and better

generalize to new patient cases. They include only 401 patients moderate hypoxia

patients and utilized a soft-margin support vector machine (SVM) where clinician-

provided confidence levels for each diagnosis are integrated through a modified

regularization term. Additional, they proposed a specialized sampling strategy

designed to reduce correlations among multivariate clinical time-series features.

While demonstrating improved generalization capabilities, the method’s reliance

on manual confidence annotations and its linear treatment of temporal patterns

present opportunities for enhancement through more sophisticated modeling tech-

niques.

Zeiberg et al. [148] pointed out the limited clinical utility of existing ARDS

prediction models, attributing this to their reliance on manual chart abstraction

and suboptimal performance. To address this, they trained and validated a logis-

tic regression model on a single-center dataset comprising 1,621 (51 ARDS) and

1,122 (27 ARDS) patients, respectively, who presented with moderate hypoxia.

The model achieved AUROC of 81%, and sensitivity of 56%, specificity of 86%,

PPV of 9%, relative risk score of 17, using a strict threshold 85th percentile of

risk. However, their approach has several limitations. Firstly, it relies solely on

EHRdata, thereby overlooking complementary information fromCXRs crucial for

comprehensive lung injury assessment. Secondly, the model’s reliance on only 6

hours of EHR data neglects longer-term ICU monitoring data, which is vital for

capturing the progression of a patient’s condition. Furthermore, using summary

statistics to represent time-series data leads to a loss of crucial temporal correla-
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tion and progression information. Additionally, defining ARDS onset as the point

where all diagnostic criteria are met can be problematic, as this time point may

be variable and lag behind the actual clinical deterioration, particularly due to po-

tential delays in relevant examinations like CXRs. Finally, their prediction time

is set when hypoxia has already progressed, limiting its utility for truly early or

preventative interventions.

Reamaroon et al. [149] highlighted the critical role of chest X-rays (CXR) in

ARDS diagnosis and treatment. They devised a ’directionality measure’ descrip-

tor to capture lung infiltrates, demonstrating its effectiveness against common de-

scriptors and features from a pre-trained ResNet-50. Using a simple SVM as the

classifier, their method achieved AUROC of 74% and accuracy of 78%. How-

ever, their approach relied on a deep network pre-trained on non-medical data

and focused on CXRs from patients with already developed ARDS, limiting its

applicability for early warning purposes. Also focused on CXRs, Sjoding et al.

[150] conducted a large-scale study employing a DenseNet model pre-trained on

CheXpert and MIMIC-CXR for common findings, and subsequently fine-tuned

on consecutive patients with hypoxemia from a single hospital. They utilized all

CXRs acquired during the first seven days of hospitalization, which were reviewed

by at least two physicians who rated the images on a scale of 1-8 for the pres-

ence of bilateral opacities consistent with ARDS, accounting for rater consistency

and diagnostic uncertainty. Their approach focused on diagnosing ARDS at the

clear manifestation of diagnostic features, rather than serving as an early warning

system. The study involved 8,072 CXRs for training and 958 CXRs from 431

patients for testing, achieving an AUROC of 88%(95%CI : 85% − 91%).Pai et

al. [151] proposed a multimodal approach for ARDS prediction, integrating EHR
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and CXR data collected within the first 48 hours of admission. Their method em-

ployed a Convolutional Neural Network (CNN) for CXR classification and tradi-

tional machine learning models for EHR data, with ensemble methods combining

these outputs to predict the final ARDS probability. Trained and validated on a

relatively small (1577 in total, 20% for validation) ad single-centre dataset, their

model achieved an AUROC of 92.5%. However, their approach presents sev-

eral limitations. Firstly, relying on mean values for time-series data overlooks

crucial temporal progression information. Secondly, their single-pass prediction,

based solely on the initial 48 hours of data, disregards patient-specific ARDS pro-

gression, thereby limiting its utility for dynamic monitoring or truly preventative

interventions.

Xu et al. [152] included 16523 sepsis patients for ARDS prediction from

MIMIC-IV database, used multivariate logistic regression from selected variables

of vital signs and laboratory measurements within 48 hours after admission. they

use only initial measurement of repeated examinations. achieved AUROC of

81.2%(95%CI : 79.8% − 82.6%), accuracy 70.5%(95%CI : 77.3% − 82.3%),

sensitivity of 79.8%(95%CI : 77.3% − 82.3%), specificity of 68.2%(95%CI :

66.8%− 69.7%), PPV of 38.5%(95%CI : 36.4%− 40.7%). Recently, Tran et al.

[153] conducted a systematic review that included 52 studies for prediction, clas-

sification and management of ARDS. They reported that only 8 studies leveraged

neural network while gradient boosting remianed to be the main stream method.

In addition to CXR and EHR data, CT imaging has also been utilized to enhance

AI-based ARDS prediction. Zhou et al. [154] highlighted that the complex patho-

physiology of ARDS poses significant challenges for early prediction. To address

this, they incorporated CT for a more detailed assessment of lung pathology. Their
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study included 928 patients for training and validation purposes. A UNset Trans-

former model was employed to segment lung lesions and predict ARDS, achieving

an AUROC of 86.5%(95%CI : 77.4% − 94.5%). However, due to the reliance

on CT imaging, the sample size remains relatively small.

Regarding clinical settings, studies primarily focus on: 1) identifying patho-

logical features from medical imaging to enhance diagnostic accuracy [149, 150,

154], 2) leveraging EHR data for diagnosis (e.g., Reamaroon et al. [147] using 24

EHR variables sampled every 2 hours with pre-onset timestamps labeled as non-

ARDS), and 3) predicting future ARDS risk using EHR or multimodal data [151].

Notably, most risk prediction studies employ fixed time windows from hospital

admission [146, 151, 152], with only Zeiberg et al. [148] using moderate hypox-

emia as a dynamic reference point. Patient selection strategies vary significantly:

diagnostic studies predominantly involve hypoxemic patients [147, 149, 150] (ex-

cepting CT segmentation work including patients with any of four risk factors),

while risk prediction studies employ heterogeneous criteria including hypoxemia

at prediction [148], predisposing conditions [146], sepsis-specific cohorts [152],

or no risk constraints [151]. Label accuracy remains challenging due to the sub-

jective interpretation of imaging required by Berlin criteria. While most studies

use this framework [148, 154], some address diagnostic uncertainty through clin-

ical expert consensus [147, 150] at substantial human resource cost. Study scales

show limited generalization: most utilize single-center data with small sample

sizes (<2,000 train/test cases) [147, 151, 154], excepting Sjoding et al.’s large-

scale effort [150]. Only a minority leverage multi-center databases like MIMIC-

IV [148, 152]. For missing data, imaging studies exclude cases with unavailable

scans, while longitudinal analyses rely on simple imputation methods [147, 151].
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Crucially, no existing work employs deep learning-based time-series modeling to

address temporal data gaps.



Chapter 3

Multimodal MRI Synthesis:

Integration of Multi-Modal Images

This chapter studies flexible integration of multi-modal images for magnetic res-

onance imaging (MRI) synthesis, which aims at synthesizing high-quality MRI of

target modality from its limited cues or other modalities. In this problem setting,

it involves two homogeneous modalities as a starting case for this study on flex-

ible modality integration. This task is a representative of dense prediction tasks,

which focus on spatial fidelity, pixel-level precision, and preserving anatomical

or structural details. In the following sections, problem background and research

gap are introduced in Section 3.1. The method details are presented in Section

3.2, where explanations on how the proposed formulation guides the architecture

design of the synthesis network to enable flexible modality integration and fine-

grained difference learning in Section 3.2.1, and the technical details for modality

difference modeling are elaborated in Section 3.2.2-3.2.3. Experimental details

for data, model, training, and evaluation are provided in Section 3.3. Results are

44
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presented in Section 3.4, and corresponding discussions in Section 3.5. Finally,

the conclusion is provided in Section 3.6.

3.1 Problem Background and Research Gap

MRI is a radiation-free, non-invasive imaging modality renowned for its soft tis-

sue contrast resolution, enabling precise differentiation of anatomical structures

[16]. This is accomplished by acquiring multi-modal images of the same anatomi-

cal region with distinct tissue contrasts, achieved through varying pulse sequences

and imaging parameters. Common MRI modalities include T1-weighted (T1w),

T2-weighted (T2w), and FLAIR images. T1w imaging is particularly valuable

for anatomical visualization and structural assessment, offering clear differentia-

tion between gray and white matter in the brain, as well as enhanced contrast for

fat-rich tissues such as meningiomas [155]. T2-weighted (T2w) and FLAIR im-

ages are especially sensitive to fluid-related structures and pathological changes.

T2w imaging provides excellent contrast for cerebrospinal fluid (CSF) in the brain

and spinal cord, facilitating clear visualization of ventricles and CSF-filled spaces.

Meanwhile, FLAIR sequences are optimized to suppress CSF signal, thereby im-

proving the detection of periventricular and white matter lesions, which is a key

feature in diagnosing conditions such as multiple sclerosis [156]. Consequently,

specific anatomical features, abnormalities, or lesions may exhibit distinct struc-

tural patterns in certain MRI modalities while appearing as signal-void or rela-

tively homogeneous in others. For precise diagnosis and comprehensive assess-

ment, these multi-modal images should be analyzed at high resolution to capture

fine structural details [157].
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However, acquiring high-resolution (HR) MRI images across multiple modal-

ities simultaneously remains challenging due to inherent differences in acquisi-

tion times. T1-weighted sequences, with their shorter repetition (TR<500ms)

and echo times (TE<30ms), enable high-resolution imaging within relatively brief

scan durations. In contrast, T2-weighted and FLAIR sequences require substan-

tially longer repetition times (TR>2000ms) and inversion times (TI≈2000ms)

[16]. The Prolonged acquisition time not only reduce patient comfort but also

increase susceptibility to motion artifacts. In clinical practice, this often necessi-

tates compromising on image quality, that is, more time-intensive modalities are

frequently acquired at reduced resolution or, in certain cases, omitted entirely from

the imaging protocol [17, 18].

To overcome these limitations, researchers have developed algorithms that

leverage high-resolution (HR) reference-modality images to reconstruct either under-

sampled or completely missing target-modality scans. In medical imaging litera-

ture, this problem is categorized into two distinct tasks: (1) cross-modality synthe-

sis (CMS) when the target modality is entirely absent, and (2) multi-contrast super-

resolution (MCSR)when dealingwith under-sampled acquisitions. While both ap-

proaches aim to generate HR target-modality images within the same anatomical

coordinate system, existing methods have primarily focused on exploiting struc-

tural similarities across different contrasts, ignoring the critical challenges aris-

ing from subtle inter-modality variations: (1) Non-linear spatial misalignment:

Despite initial affine registration, persistent non-linear deformations occur due to

patient motion, tissue elasticity, and imaging artifacts [19], which degrade recon-

struction performance [20, 21] and diagnostic accuracy [22]. (2) Structural dis-

tinction: Even under ideal alignment conditions, accurate reconstruction remains
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challenging because certain anatomical features may be entirely absent in the ref-

erence modality, and when available in the target modality, these structures often

appear severely degraded in the input data.

While these two tasks share fundamental connections, they represent distinct

methodological directions in medical image analysis. For CMS, state-of-the-art

approaches primarily employ conditional generative frameworks that simultane-

ously learn the target modality’s data distribution, and preserve precise structural

alignment with the high-resolution reference image. Pix2Pix [94] and Cycle-

GAN [98] are two representative methods. For structural consistency, CycleGAN-

based approaches rely on cycle-consistent adversarial learning between domains,

whereas Pix2Pix-based methods employ pixel-wise loss functions that enforce

stricter alignment constraints on training pairs. While the pixel-level reconstruc-

tion loss in Pix2Pix has demonstrated superior accuracy over CycleGANapproaches

[18], this comes at the cost of greater sensitivity to spatial misalignments. This

trade-off has motivated increasing research attention [18, 21], with recent solu-

tions frequently integrating registration networks to properly align reconstruction

supervision with reference coordinates.

In contrast to CMS,MCSR is typically examined alongside single-modal super-

resolution (SR), as high-resolution (HR) reference images have demonstrated sig-

nificant potential for enhancing severely degraded target-modality scans. The

fundamental challenge in MCSR lies in effectively modeling inter-modal rela-

tionships compared to single-modal SR. Current approaches predominantly ex-

ploit structural similarities between modalities, where methods assuming perfect

anatomical alignment typically employ simple feature concatenation for modal-

ity fusion [20, 109, 110]. This strategy proves effective when alignment serves
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as a reliable prior for leveraging shared structures against degradation artifacts,

though spatial misalignment issues have been acknowledged [20]. Unlike CMS

methods [18, 21] that maintain a fixed HR reference, the MCSR approach in [20]

deforms the HR reference to match the low-resolution (LR) target - a particularly

challenging task given the ill-posed nature of SR reconstruction. This process

introduces alignment ambiguities and risks degrading the reference image qual-

ity. Recent advances have developed more sophisticated techniques to harness

global similarity from references, including spatial-channel attention mechanisms

[17, 111], global matching strategies [117, 118], and cross-attention Transform-

ers [112, 113, 114, 115]. While these methods effectively utilize global repetitive

patterns and improve overall performance, they do not explicitly enforce anatom-

ical correspondence and still attempt to align references to degraded targets rather

than producing properly aligned HR pairs. Another key distinction from CMS is

MCSR’s historical dominance by conventional reconstruction methods. The field

has recently incorporated generative approaches through transformer-based priors

[124] and diffusion models [125], though these currently lack sophisticated condi-

tioning mechanisms to optimally balance structural accuracy with visual fidelity.

A critical yet understudied challenge in deep learning-based approaches is the

handling of modality-specific structures. While these distinctive features often oc-

cupy limited spatial regions, they provide crucial diagnostic information [23] and

present substantial technical difficulties. For methods relying on strict alignment

assumptions, reference modality structures can generate artifactual responses in

the reconstructed output. Global similarity-based approaches circumvent this is-

sue through implicit matching strategies, but their performance degrades when

processing distinct, severely downsampled target patches. Consequently, cur-



CHAPTER 3. MULTIMODAL MRI SYNTHESIS 49

Structural Distinction
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MT-Net (TMI 23’) DisC-Diff (MICCAI 23’) Cross-Modality Synthesis Multi-Contrast SR

Target Modality Reference Modality Distinction Map

Figure 3.1: Illustration of fine-grained differences & Comparison with state-of-
the-art methods.

rent reconstructions frequently exhibit either structural disappearance or excessive

blurring (Fig. 3.1). Traditional methods have explicitly acknowledged structural

distinction as a known limitation [106, 108]. The work in [107] proposed mod-

eling inter-modal correlations through patch-level similarity graphs, using these

to weight modality contributions during interpolation. While their correlation

maps captured coarse structural differences robust to noise, the approach incurred

substantial computational overhead and the basic weighted interpolation scheme

proved inadequate for accurate feature restoration.

3.2 Methods

Aunified framework is presented to address both CMS andMCSR through coordi-

nated learning of spatial coordinate alignment and structural intensity differences.
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Unlike prior MCSR approaches like [20] that deform HR references to match LR

targets, the proposed method anchors both tasks to reference coordinates through

a generalized down-sampling ratio. This formulation reveals that structural dif-

ferences between reconstructed outputs and aligned ground truth peak under CMS

conditions, formally defining modality-specific structural distinction as features

irreducible from reference modalities. The framework comprises four synergistic

components: 1) A label correctionmodule establishing unified spatial coordinates;

2) A CMS base model providing structural distinction priors; 3) An SR branch

leveraging increasing target cues (k reduction) to approximate distinctions; 4) A

difference projection discriminator with fine-grained conditioning on distinctive

regions. For the SR branch, several novel modules are introduced: 1) Deformable

convolution integration [158] enabling multi-scale feature alignment 2) Feature-

regularized incremental modulation that characterizes structural distinctions via

forward-pass analysis and guides spatially-variant generation through precision-

controlled generative learning. This dual approach optimally utilizes misaligned

LR targets while maintaining reference integrity, achieving unprecedented bal-

ance between structural fidelity and generative realism. The CMS module serves

as both distinction prior and stability anchor, particularly crucial when handling

severely degraded inputs.

3.2.1 Problem Formulation and Overall Architecture

Given a paired training dataset with HR reference images {Iref} and non-aligned

target images {Ĩtar}, the LR target input is defined as {Sk(Ĩtar)}, where S rep-

resents the degradation operator (k-space truncation in the implementation) and
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k ∈ (1,∞) denotes the down-sampling ratio. The unavailable aligned target im-

ages {Itar} are estimated through a label correction module:

Îtar = Ĩtar ◦ R(Ĩtar, Iref) (3.1)

whereR is a registration network approximating the non-linear transformation to

reference coordinates, and ◦ denotes pixel-wise warping via the learned deforma-

tion field.

After label correction, both CMS and MCSR tasks can be expressed through

a unified mapping function {Fk(Iref, Sk(Ĩtar))}k, which transforms the reference

image and varying levels of target information to the aligned target domain. Here,

CMS emerges as the limiting case when k → ∞ (complete absence of target

information). The structural difference map:

Dk = Fk(Iref, Sk(Ĩtar))− Îtar (3.2)

where magnitude ∥Dk∥1, identifies challenging regions common to both tasks,

which is addressed using a novel difference projection discriminator (Sec. 3.2.2).

The difference magnitude ∥Dk∥1 exhibits several fundamental properties that

characterize structural distinction. First, it increases monotonically with the down-

sampling ratio k, reaching its upper bound ∥D∞∥1 in the complete absence of tar-

get information (k ∈ (1,∞)), which corresponds to the CMS task. This limiting

case D∞ provides a formal pixel-level definition of modality-specific structural

distinction, precisely localizing regions where information cannot be transferred

from the reference modality. As k decreases, the task shifts to better approximat-
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ing these structural distinctions by leveraging the increasing target information

available in Sk(Ĩtar), which represents the unique challenge for MCSR compared

to CMS.

Accordingly, the proposed framework consists of two interconnected compo-

nents designed to address both alignment and distinction challenges. The base

network models F∞ o solve the CMS task and estimate the structural distinction

map D∞, with its down-sampled versions denoted as di at each level i. Building

upon this foundation, the SR branch processes the degraded target input Sk(Ĩtar)

while incorporating features from the CMS module. To handle spatial misalign-

ment between modalities, deformable convolutions [158] are employed that pro-

gressively align target features with the reference coordinates, as detailed in Sec-

tion 3.2.3.1. The structural distinction is characterized through correlation analysis

of cross-modal features (Section ??), which is then embedded into an incremental

modulation scheme to guide the spatially-variant generation of distinct anatomical

structures (Section 3.2.3.3).

3.2.2 Difference Projection Discriminator

The structural difference map serves as a critical indicator of target regions that are

insufficiently constrained by input data, representing the primary reconstruction

challenge for both CMS andMCSR tasks. Current approaches exhibit complemen-

tary strengths and limitations: MCSRmethods predominantly employ discrimina-

tive networks that achieve high precision for common structures but excessively

smooth distinctive features, while CMS techniques typically leverage generative

models that better synthesize target-aligned details but with greater uncertainty.
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The proposed framework bridges this methodological divide by developing an en-

hanced conditional generative adversarial network (cGAN) architecture that com-

bines their respective advantages through a novel conditioning mechanism.

Building upon the projection discriminator concept [159], which employs in-

ner products between embedded conditional and feature vectors rather than sim-

ple concatenation [160], a multi-scale difference projection discriminator is intro-

duced. This architecture extends the U-shaped discriminator design [161] while

significantly advancing beyond prior projection approaches like [162] through

pixel-level structural distinction mapping. The key innovation lies in using high-

dimensional structural distinction maps to guide the projection, as these maps ex-

plicitly identify challenging regions with higher likelihood of synthetic artifacts.

The proposed discriminator architecture comprises L-level encoder Uenc com-

ponents, with relativistic GAN loss [163] enhancing stability. The decoder per-

forms multi-level discrimination between generated output Fk(Iref, Sk(Ĩtar)) and

corrected target Îtar. For decoder logits ul at level l, the projection updates:

u′l = ⟨ζ(dl), ul⟩+ o(ul) (3.3)

where dl = Dl
∞ is the down-sampled distinction map, ζ represents convolutional

transformation, and o captures residual terms. The resulting discriminator loss

becomes:
LUdec = −E(

∑
i,j,l

log (σ(u̇′l − E(û′l)))i,j)

−E(
∑
i,j,l

log(1− σ(û′l − E(u̇′l)))i,j)).
(3.4)

The training process employs a carefully designed two-stage approach: (1)
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Initial CMS module training with progressively refined structural distinction ap-

proximation; (2) Subsequent SR branch optimization with frozen D∞ representa-

tion The difference projection discriminator participates in both stages, enabling

comprehensive characterization of fine-grained data distributions across all struc-

tural regions. This dual-phase strategy ensures precise control over the generation

process, achieving optimal balance between anatomical faithfulness and visual re-

alism in the reconstructed outputs.

3.2.3 Difference Learning in SR branch

3.2.3.1 Deformable Convolution for Feature-Level Alignment

To tackle the spatial misalignment between inputs, a recent approach [20] utilized

an extra registration network to transform the high-resolution (HR) reference im-

age into the unconstrained target coordinate system. However, this introduces a

complex and ill-posed problem, significantly increasing computational costs for

both training and inference. Additionally, the final outcomes heavily depend on

the precision of a single displacement estimation. To resolve this challenge, cross-
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modal spatial alignment is performed at the feature level. This is achieved by

incorporating deformable convolutions, as proposed in [158], into the fundamen-

tal processing units within the super-resolution (SR) branch. Deformable convo-

lutions adaptively modify the sampling locations of standard convolutions using

learned offsets, which can be expressed through the following equation:

f̄(p) =
n2∑
j=1

w (pj) · f (p+ pj +∆pj) , (3.5)

where f and f̄ represent the input and output feature maps, respectively. p in-

dicates the current spatial position within the feature map, while pj corresponds

to the jth standard sampling offset in the convolution kernel w of size n × n. In

the SR branch, given multi-scale reference features {ri, i = 0, 1, ..., K}, the target

feature fi at each level i is first aligned using a deformable convolutional layer be-

fore being passed into the fusion block. The offset ∆pj is estimated by the offset

learning layer based on the multi-modal features (fi, ri).

To elucidate the connection between explicit alignment and the proposed ap-

proach, the feature adjusted by the jth offset is represented as fj(p) = f(p+ pj +

∆pj), where pj + ∆pj denotes the deformation vector at position p. This corre-

sponds to feature-level spatial alignment, whereas explicit alignment focuses on

learning a single deformation field at the image level. Consequently, Eq. 3.5 can

be rewritten as

f̄(p) =
n2∑
j=1

w (pj) · fj (p) (3.6)

This approach is equivalent to performing n2 independent spatial deformations,

succeeded by a 1 × 1 × n2 3D convolution. Consequently, by integrating de-
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formable convolutions into the hierarchical feature fusion process, it becomes pos-

sible to accomplish gradual multi-level alignment through varied and adaptable

deformations, all while maintaining an end-to-end framework.

3.2.3.2 Characterization of Structural Distinctions

Provided withD∞ derived from training pairs, the goal is to capture the structural

differences arising from cross-modal inputs during the forward pass and integrate

this information into an adaptive modulation mechanism to guide the generator.

A simple solution might involve utilizing an auxiliary network to directly esti-

mate the distinction map from (Sk(Ĩtar), Iref). However, this approach not only

increases the number of parameters but also introduces a highly unbalanced task

that is difficult to optimize. To address this, a regularization technique is intro-

duced that progressively models the distinction map by leveraging the correlation

among multi-scale cross-modal features. As shown in Fig. 4.1, within the SR

branch, the LR input undergoes processing through k stages of processing mod-

ules. In each module, the target feature fi is initially aligned with the reference

feature ri, resulting in f̄i. Subsequently, for each pair of feature maps {f̄i, ri}

of size R
H

2i
×W

2i
×C , the corresponding down-sampled distinction map di = Di

∞

(clipped within the range (−1, 1)) is generated and the feature regularization loss

LD is reduced, formulated as follows:

LD =
∑
i

∑
p

∥∥∥d̂i,p − di,p∥∥∥2

, d̂i,p =
f̄⊤
i,pri,p

∥f̄i,p∥∥ri,p∥
(3.7)

where d̂i,p ∈ (−1, 1) represents the predicted difference at level i for pixel position

p. This method provides an effective way to evaluate relative distinctions at the
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pixel level, which is consistent with the goals for the SR branch features. By

utilizing the known reference features, the target branch is motivated to investigate

previously neglected details within the CMS module. Additionally, it highlights

the direction of intensity variation by applying oriented linearity constraints on

pixel features across different regions. The experimental findings indicate that

feature regularization alone can enhance performance during the reconstruction

phase.

3.2.3.3 Fine-Grained Incremental Modulation.

Feature modulation, a technique that applies conditioned feature denormalization

via learned affine transformations, is commonly incorporated into generative ad-

versarial networks (GANs) to enable effective control over the generation process

[164, 165, 166, 167]. The formulation of modulation should be adapted to suit

the specific problem being addressed. For example, in style transfer tasks, affine

parameters are utilized to govern the overall style of an input image and are typ-

ically represented as low-dimensional vectors (of size 1 × 1 × C) derived from

another image [164, 165]. In semantic synthesis, which focuses on generating

detailed structures with semantic styles from input noise, the affine parameters as-

sume the form of high-dimensional spatially adaptive maps (of sizeH ×W ×C)

learned from semantic masks [166, 167]. In this work, the goal of modulation is

to generate distinct details additively while maintaining the primary structure and

global contrast. The approach involves learning spatially varying increments from

the distinction map, which are subsequently superimposed on the original affine

parameters to refine residual details.

In the SR branch, denote the updated feature after the basic block at level i
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as f ′
i , which undergoes instance normalization with a mean of µ0 and a standard

deviation of σ0. The modulation procedure can be rewritten as:

f ′′
i =

(
1 +

∆σ

σ0

)
f ′
i −

∆σ

σ0
µ0 +∆µ (3.8)

, where ∆σ = ψ1 ◦ ϕ
(
d̂i

)
and ∆µ = ψ2 ◦ ϕ

(
d̂i

)
represent spatially adaptive

increments predicted through convolutional layersψ·, ϕ based on the approximated

distinction map. Following the modulation step, f ′′
i is upsampled to generate fi+1

for use in the subsequent level. This method guarantees that the SR branch, acting

as the generator, remains well-suited for progressively creating distinct structures.

3.3 Experiment Settings

3.3.1 Datasets

Three datasets were utilized for evaluation, with BraTSReg being pre-processed

by the original providers.

BraTSReg dataset. The BraTSReg dataset [168] contains multi-institutional,

multi-modal MRI scans of brain glioma patients. Pre-processing steps include

skull stripping, bias field correction, and registration to a common anatomical tem-

plate. All scans have a resolution of 256 × 256 pixels. T1-weighted (T1w) and

T2-weighted (T2w) scans were selected, where T1w served as the reference con-

trast for multi-contrast super-resolution (MCSR). Experiments utilized 280 sub-

jects from the training and validation sets.

IXI dataset. The IXI dataset provides healthy brain MRI scans across mul-

tiple modalities. T1w and T2w images were employed, with T1w designated as
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the reference modality for MCSR. Following rigid registration, 577 subjects were

retained. Axial slices were extracted, and images with insufficient content were

filtered based on non-zero pixel counts.

FastMRI dataset. The FastMRI dataset [169] offers open-access knee MRI

scans. Proton density-weighted (PDw) and fat-suppressed PDw (FSPDw) images

from 1,054 subjects were selected. For MCSR experiments, PDw served as the

reference contrast and FSPDw as the target.

3.3.2 Data Pre-Processing

Low-resolution (LR) target images were generated through k-space truncation,

following established MCSR protocols [17, 117, 118]. The process involved:

1) Applying Discrete Fourier Transform (DFT) to Ĩtar, 2) Retaining the central

(1/κ, 1/κ) region of k-space data for down-sampling ratio κ, and 3) Reconstruct-

ing LR images via Inverse DFT.

3.3.3 Network Architecture

The framework incorporates modular components compatible with standard net-

work blocks. Restormer blocks [119] were adopted as base units due to their fea-

ture dimension preservation. A 5-level U-shaped architecture formed the cross-

modality synthesis (CMS) module, while the discriminator utilized a U-Net back-

bone [170]. The label correctionmodule employed a ResUNet structure [171] with

default configurations.
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3.3.4 Training Details

Training proceeded in two phases. Phase I optimized the CMS module, label cor-

rection module, and difference projection discriminator using combined losses:

1) L1 and multi-scale SSIM [172] between reconstructions and aligned targets

, and 2) Relativistic GAN losses [163] computed from discriminator high-level

features. Phase II froze the CMS module while updating the SR branch with

additional feature regularization LD. Implementation used PyTorch on NVIDIA

3090Ti GPUs, with the Ranger optimizer [173] (lr = 1e−4) for both phases. A

single CMS module handled all downsampling ratios across datasets. Compar-

ative methods were evaluated using official implementations and recommended

hyper-parameters, with synthetic k-space data generated via DFT where required.

3.3.5 Evaluation Metrics

Three metrics assessed reconstruction quality: 1) PSNR: Quantifies pixel-level

fidelity through signal-to-noise ratio. 2) SSIM: Measures structural preservation

using luminance, contrast, and pattern correlations. 3) LPIPS [174]: Evaluates

perceptual similarity via deep feature comparisons. While PSNR/SSIM emphasize

local pixel accuracy, they may favor overly smooth results. LPIPS addresses this

limitation by aligning with human visual perception through learned feature cor-

relations, demonstrating particular relevance in medical imaging validation [175].
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Figure 3.3: A qualitative comparison of both CMS andMCSR is presented, where
the horizontal axis indicates progressively lower generalized down-sampling ra-
tios. The distinction map and detailed views assist in the comparison, particularly
for complex structures.

3.4 Results

3.4.1 Comparative Study

3.4.1.1 Cross-Modality Synthesis

Four representative CMS methods were selected for comparison: Pix2pix [94]

requiring pixel-aligned training pairs, CycleGAN [98] addressing unpaired data

with increased output uncertainty, RegGAN [18] incorporating registration mod-

ules for result alignment, and MT-Net [102] leveraging unpaired pretraining for

supervised learning. As shown in Tab. 3.3 and Tab. 3.4, RegGAN outperformed

Pix2Pix and CycleGAN across metrics, demonstrating the benefits of explicit la-

bel alignment. The proposed method achieved superior LPIPS scores compared

to all baselines while matching MT-Net in PSNR and SSIM. Visual comparisons

in Fig. 3.3 (left) revealed that CycleGAN suffered from structural distortions and

local artifacts, whereas RegGAN maintained better contrast alignment but failed
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Figure 3.4: Analysis of computational efficiency. The SR techniques are evaluated
at a 4× scale, and the corresponding PSNR values are reported based on the IXI
dataset. In the visualization, the size of each blob corresponds to the number of
parameters (in millions, M) multiplied by a scaling factor to adjust for the figure
dimensions.

2x 4x 8x 16x 32x inf

1

2

3

4

5

6

7

8

LP
IP

S

2x 4x 8x 16x 32x inf

26

28

30

32

34

36

38

PS
NR

 (d
B)

MINet
DisC-Diff
CANM-Net
Ours

Figure 3.5: Evaluation of various down-sampling ratios using the IXI dataset.
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Table 3.1: Quantitative evaluation of SR techniques applied to FastMRI (refer-
ence: PDw, target: PDFSw).The top and second-ranking outcomes are highlighted
in red and blue, respectively. Findings that do not show a statistically significant
difference compared to this method are indicated with an asterisk. The symbol *
refers to the single-contrast SR approach.

Method
FastMRI

4× 8×

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

Restormer* [119] 30.61± 0.56 80.78± 1.21 20.30± 1.05 26.80± 0.54 78.14± 1.16 24.15± 1.12
DeepUnfold [176] 28.50± 0.55 77.23± 1.38 25.14± 1.12 25.98± 0.56 75.96± 1.35 25.60± 1.11

MINet [17] 30.11± 0.48 81.25± 0.96 20.32± 0.88 27.32± 0.46 78.88± 1.02 20.41± 0.84
McMRSR [117] 29.68± 0.40 79.92± 1.13 22.42± 1.12 26.48± 0.47 77.80± 1.36 23.45± 1.08
WavTrans [115] 31.78± 0.48 85.56± 0.88 16.02± 0.80 x x x
DisC-Diff [125] 31.60± 0.46 85.20± 0.95∗ 11.36± 0.68 29.68± 0.46 80.10± 1.32 16.16± 0.76
CANM-Net [118] 32.48± 0.43∗ 85.96± 0.88∗ 16.15± 0.89 30.08± 0.43 80.23± 1.10∗ 18.29± 0.77
Proposed SR 32.22± 0.27 85.12± 1.40 8.09± 0.40 30.80± 0.28 80.93± 1.78 12.30± 0.49

to reconstruct fine anatomical details.

3.4.1.2 Multi-Contrast Super-Resolution

Quantitative evaluations at 4× and 8× downsampling (Tab. 3.1 and Tab. 3.2) com-

pared the proposed method against five approaches: similarity-based MINet [17],

McMRSR [117], and WavTrans [115]; anatomy-constrained CANM-Net [118];

diffusion-based DisC-Diff [125]; and model-guided DeepUnfold [176]. Gener-

ative methods (proposed, DisC-Diff) achieved the best LPIPS scores, indicating

superior perceptual quality, while maintaining competitive PSNR/SSIM. Fig. 3.5

demonstrates performance trends across downsampling ratios on the IXI dataset.

At 2×, all methods exhibited comparable results. However, as the ratio increased,

the proposed method smoothly approached the CMS performance bound, outper-

forming others significantly at extreme ratios (e.g., 16×). Visual results in Fig. 3.3

confirmed precise recovery of structural boundaries and spatial coherence under

high degradation.
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Table 3.2: Quantitative evaluation of SR techniques applied to IXI (reference:
T1w, target: T2w) datasets. The top and second-ranking outcomes are highlighted
in red and blue, respectively. Findings that do not show a statistically significant
difference compared to this method are indicated with an asterisk. The symbol *
refers to the single-contrast SR approach.

Method
IXI

4× 8×

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

Restormer* [119] 29.45± 0.24 90.24± 0.30 7.09± 0.16 26.90± 0.28 86.35± 0.69 7.13± 0.34
DeepUnfold [176] 25.60± 1.11 27.64± 0.42 87.55± 0.36 23.56± 0.90 25.42± 0.32 81.91± 0.69

26.36± 0.92
MINet [17] 29.02± 0.39 91.10± 0.30 5.50± 0.21 26.91± 0.28 86.35± 0.58 7.13± 0.31

McMRSR [117] 29.15± 0.22 89.83± 0.33 7.01± 0.19 25.90± 0.24 81.96± 0.58 11.14± 0.36
WavTrans [115] 32.08± 0.22 92.03± 0.30 5.02± 0.21 x x x
DisC-Diff [125] 31.62± 0.24 92.42± 0.28 2.32± 0.09 29.24± 0.21 90.48± 0.22∗ 3.33± 0.16
CANM-Net [118] 31.40± 0.24 92.76± 0.34∗ 5.82± 0.21 29.01± 0.25 89.83± 0.56 5.76± 0.20
Proposed SR 32.41± 0.21 92.59± 0.23 1.82± 0.09 29.91± 0.23 90.86± 0.32 2.78± 0.15

Table 3.3: Quantitative comparison of CMS methods on FastMRI. The best and
second-best results are in red and blue. Results with no significant difference from
this method are marked with asterisk.

Method
FastMRI

PDw→PDFSw PDFSw→PDw

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

Pix2pix [94] 23.68± 0.59 75.24± 1.12 20.15± 0.82 23.12± 0.60 74.83± 1.10 20.12± 0.65
CycleGAN [98] 21.02± 0.66 72.51± 1.38 19.98± 0.61 20.99± 0.67 71.32± 1.38 19.59± 0.60
RegGAN [18] 26.06± 0.50 75.98± 1.54 18.01± 0.66 25.27± 0.45 75.69± 1.50 18.05± 0.68
MT-Net [102] 28.06± 0.51∗ 78.11± 1.42∗ 18.12± 0.56 27.09± 0.40∗ 76.18± 1.40∗ 18.04± 0.54

Proposed Synthesis 27.85± 0.49 77.92± 1.48 12.98± 0.58 27.13± 0.38 75.43± 1.46 12.14± 0.50

3.4.1.3 Computational Efficiency

Model complexity was evaluated via parameter counts (M) and FLOPs (G), as il-

lustrated in Fig. 3.4. The proposed method reduced parameters by 38% compared

to DisC-Diff while achieving 2.1× faster inference. In CMS tasks, it matched MT-

Net’s PSNR with 22% fewer parameters and 15% lower FLOPs. Notably, the

shared synthesis network across varying downsampling ratios enabled efficient

multi-task deployment without redundant branches.



CHAPTER 3. MULTIMODAL MRI SYNTHESIS 65

Table 3.4: Quantitative comparison of CMSmethods on IXI. The best and second-
best results are in red and blue. Results with no significant difference from pro-
posed method are marked with asterisk.

Method
IXI

T1w→T2w T2w→T1w

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

Pix2pix [94] 23.35± 0.56 75.08± 0.90 9.18± 0.21 22.89± 0.62 73.92± 1.11 9.06± 0.20
CycleGAN [98] 21.11± 0.70 75.32± 0.88 8.12± 0.18 21.14± 0.72 74.64± 0.90 8.07± 0.18
RegGAN [18] 24.12± 0.60 78.92± 0.89 6.02± 0.20 23.96± 0.61 79.01± 0.90 6.05± 0.20
MT-Net [102] 28.18± 0.46∗ 88.56± 0.41∗ 5.98± 0.20 27.28± 0.42∗ 87.95± 0.45∗ 6.12± 0.18

Proposed Synthesis 27.80± 0.21 88.65± 0.30 3.80± 0.12 27.14± 0.22 88.04± 0.32 3.55± 0.11

3.4.2 Ablation Study

The proposedmethod addresses CMS andMCSR challenges through a unified dif-

ference learning framework, aiming to reconstruct complex structures while main-

taining robustness against spatial misalignment between training pairs (Iref, Ĩtar)

and inputs (Sk(Ĩtar), Iref). This section evaluates the effectiveness of key designs

in handling spatial misalignment and structural distinction, with results and anal-

yses presented separately.

3.4.2.1 Spatial Misalignment

Two key components were evaluated for robustness against spatial misalignment:

(1) a label correction module addressing misalignment between training pairs,

and (2) deformable convolutions [158] integrated into the SR branch for implicit

feature-level alignment (Sec. 3.2.3.1). Experiments on the BraTSReg dataset uti-

lized aligned target images as ground truth, with Gaussian deformation fields ap-

plied to simulate misaligned inputs. As shown in Tab. 3.5, the label correction

module proved critical, its absence led to degraded structural distinction estimation

and significant performance drops. Compared to SOTA MCSR methods (DisC-
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Table 3.5: Quantitative analysis was conducted by comparing this approach with
the top-performing MCSR methods. Additionally, an ablation study was per-
formed on deformable convolutions (DCs) using different down-sampling rates
and deformation strengths on the BraTSReg dataset. Here, 15% and 30% repre-
sent the relative deviation of the Gaussian deformable field. The variant ”Proposed
w/o both” refers to the model that excludes both the label correction module and
deformable convolutions. The best and second-best outcomes are highlighted in
red and blue, respectively. Results showing no significant difference compared to
proposed method are indicated with an asterisk.

Method Strength: 15% Strength: 30%

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

DisC-Diff [125]
2 × 29.65± 0.11 93.83± 0.26 2.32± 0.06 26.85± 0.08 89.46± 0.12 3.62± 0.06
4 × 28.52± 0.09 90.46± 0.15 4.08± 0.05 26.50± 0.12 89.10± 0.11 5.68± 0.10
8 × 25.67± 0.07 86.68± 0.13 5.80± 0.07 25.61± 0.09 88.99± 0.12 7.05± 0.14

CANM-Net [118]
2 × 31.61± 0.11 95.50± 0.06 2.41± 0.05 27.28± 0.09 91.66± 0.12 3.91± 0.04
4 × 31.02± 0.11 94.54± 0.07 4.54± 0.12 27.16± 0.10 91.46± 0.11 6.05± 0.11
8 × 29.98± 0.09 92.82± 0.08 6.34± 0.15 27.33± 0.09 90.97± 0.09 8.64± 0.15

Proposed w/o both
2 × 32.49± 0.08 96.12± 0.06 2.36± 0.04 27.35± 0.08 91.22± 0.10 3.85± 0.04
4 × 30.64± 0.10 93.85± 0.13 3.54± 0.07 26.82± 0.08 90.54± 0.11 5.49± 0.05
8 × 29.46± 0.15 92.18± 0.23 4.58± 0.11 26.91± 0.12 89.83± 0.20 7.33± 0.14

Proposed w/o DCs
2 × 33.59± 0.08 96.30± 0.06∗ 2.34± 0.04 30.61± 0.10 93.75± 0.09∗ 3.36± 0.04
4 × 32.08± 0.13 94.57± 0.15 3.41± 0.08∗ 29.97± 0.12∗ 92.92± 0.12∗ 4.15± 0.07∗

8 × 30.16± 0.17∗ 92.69± 0.24∗ 4.58± 0.10∗ 28.78± 0.17∗ 91.51± 0.25∗ 5.07± 0.12∗

Proposed
2 × 33.81± 0.06 96.35± 0.06 2.17± 0.04 30.74± 0.09 93.82± 0.07 3.28± 0.04
4 × 32.39± 0.12 94.87± 0.14 3.39± 0.08 30.01± 0.12 92.92± 0.12 4.15± 0.06
8 × 30.30± 0.17 92.87± 0.22 4.47± 0.11 28.82± 0.17 91.50± 0.24 5.05± 0.10

Diff [125], CANM-Net [118]), the proposedmethodwith label correction achieved

superior metrics under deformation, particularly in LPIPS under strong misalign-

ment. Deformable convolutions provided marginal improvements, especially at

higher downsampling ratios (4×, 8×).

3.4.2.2 Structural Differences

Structural distinction handling was evaluated through conditional GAN designs:

(1) high-dimensional difference projection in the discriminator and (2) feature reg-

ularization with incremental generator modulation. Tab. 3.6 demonstrates that dif-

ference projection reduced prediction uncertainty (lower deviation) and improved
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Table 3.6: Ablation analysis of design choices for conditional generation of struc-
tural differences on the BraTSReg dataset at 8× magnification. Each variant is
evaluated against the preceding one and denoted with an asterisk if no substantial
difference is observed.

Variants Discriminator Generator MCSR CMS

Udec U ′
dec FR SPADE IM PSNR ↑ LPIPS ↓ PSNR ↑ LPIPS ↓

(1) ✓ 29.15± 0.35 4.78± 0.17 26.64± 0.38 5.42± 0.25
(2) ✓ 30.78± 0.23 3.65± 0.11 28.85± 0.21 3.72± 0.11
(3) ✓ ✓ 31.36± 0.19 3.11± 0.08 x x
(4) ✓ ✓ ✓ 31.31± 0.21∗ 3.10± 0.09∗ x x
(5) ✓ ✓ ✓ 32.05± 0.19 2.73± 0.09 x x

performance across both tasks when comparing baseline Udec and modified Udec.

Feature regularization alone provided modest gains (variant (2) vs. (3)), while in-

cremental modulation outperformed SPADE [177] in leveraging regularized fea-

tures for condition-guided synthesis.

3.5 Discussion

The fundamental role of label correction stems from its ability to preserve struc-

tural correspondence betweenmisaligned training pairs, a prerequisite for accurate

difference learning. While deformable convolutions enhance feature alignment,

their limited impact at larger downsampling ratios suggests that explicit input-

level alignment becomes less effective as resolution decreases. The superior per-

formance over DisC-Diff and CANM-Net highlights the advantage of integrating

label correction into a unified framework, rather than treating misalignment as a

standalone preprocessing step. Notably, CANM-Net’s relatively better robustness

compared to DisC-Diff implies that matching-based approaches may inherently

tolerate mild spatial deviations better than generative diffusion models.



CHAPTER 3. MULTIMODAL MRI SYNTHESIS 68

The effectiveness of difference projection underscores the importance of ex-

plicitlymodeling structural discrepancies in high-dimensional feature space, rather

than relying solely on low-level intensity differences. Feature regularization acts

as an intermediate representation that disentangles structural distinctions from domain-

specific variations, enabling more stable adversarial training. The superiority of

incremental modulation over SPADE suggests that adaptive, multi-scale condition

integration, tailored to the specificity of structural distinctions, is crucial for pre-

serving anatomical fidelity in cross-modal SR tasks. This aligns with observations

that affine transformations in SPADE may oversimplify the relationship between

conditioning features and generator outputs when handling heterogeneous struc-

tural patterns.

In comparative studies, for CMS, the performance gap highlights two criti-

cal factors: (1) explicit alignment mechanisms (as in RegGAN) mitigate struc-

tural mismatches but remain limited by registration accuracy, and (2) difference

learning enables direct modeling of inter-modal discrepancies without relying on

auxiliary alignment modules. While MT-Net’s dual-stage training improves sta-

bility, its dependency on separate pretraining phases restricts adaptability to joint

CMS-MCSR optimization. The visual superiority in distinct structure recovery

(Fig. 3.3) further corroborates the advantage of integrating difference projection

into adversarial conditioning. For MCSR, the divergence in performance scaling

stems from two design aspects: (1) unified feature regularization prevents error ac-

cumulation in cascaded restoration steps, unlike model-guided or similarity-based

approaches, and (2) incremental modulation adapts to varying input fidelity lev-

els more effectively than fixed conditioning in diffusion models. While DisC-

Diff benefits from the generative prior of diffusion models, its simple condition-
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ing mechanism struggles with anatomical consistency under severe degradation.

CANM-Net’s anatomical constraints improve robustness but limit adaptability to

non-local structural variations observed in multi-contrast MRI.

The computational efficiency gains originate from three factors: (1) parameter-

sharing mechanisms in difference learning eliminate task-specific modules, (2)

deformable convolutions reduce the need for explicit alignment networks, and

(3) lightweight incremental modulation replaces computationally intensive spa-

tial transformers used in SPADE-like architectures. While diffusion models excel

in sample diversity, their iterative denoising process inherently increases computa-

tional costs—a critical limitation for medical imaging applications requiring real-

time throughput. The unified architecture further demonstrates that joint CMS-

MCSR optimization need not incur proportional complexity increases compared

to standalone task models.

3.6 Conclusion

A unified framework is presented that bridges cross-modality synthesis and multi-

modal MRI super-resolution. Unlike existing approaches that focus solely on sim-

ilarity modeling or high-level contrast transfer, proposed method focus on fine-

grained differences involving the non-linear spatial misalignments and structural

distinctions. For spatial misalignments, a label correction module and deformable

convolutions are introduced into proposed network architecture. This approach

leads us to define structural distinction at the pixel level, enabling us to develop a

precisely controlled generation method. Experiments demonstrate that proposed

method achieves state-of-the-art performance, particularly in perceptual quality
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and at higher down-sampling ratios. The proposed unified approach not only

economizes computational expenses across various scenarios but also enhances

the consistency of generated results at different down-sampling ratios.

Despite these advantages, the proposed method has several limitations in de-

sign and application. First, the benefits of using deformable convolutions diminish

for small deformations at higher down-sampling ratios, as the degree of misalign-

ment between inputs decreases with the loss of local structures. Second, proposed

modality translation model currently processes only one pair of modalities at a

time. In clinical practice, where multiple modalities may be available, it would be

advantageous to extend the model to handle multiple inputs simultaneously and

address more complex modality differences. Lastly, the experiments indicated

that traditional metrics often fail to detect errors in small but important structures.

Therefore, developing more effective metrics in the future to assess semantic ac-

curacy in clinical settings is crucial.



Chapter 4

Alzheimer’s Disease Diagnosis:

Integration of Image and Non-Image

Data

This chapter explores the adaptive integration of diverse multi-modal data for di-

agnosing Alzheimer’s Disease. The approach utilizes both multi-modal imaging

and various forms of tabular data to accurately classify normal cases, mild cog-

nitive impairment (MCI), and Alzheimer’s Disease (AD). In subsequent sections,

challenges arising from these heterogeneous data modalities are discussed in the

problem background and research gap (Section 4.1). Section 4.2.1 presents a sym-

bolic formulation that defines the data framework and goals of this research. Sec-

tions 4.2.2 and 4.2.3 detail the design strategies for achieving flexible multi-modal

learning, focusing on network architecture and fusion techniques. Experimental

methodologies are described in Section 4.3. Results and analyses, including ab-

lation studies, comparative evaluations, and the adaptability to novel modalities,

71
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are presented in Sections 4.4 and 4.5. Finally, concluding remarks are provided in

Section 4.6.

4.1 Problem Background and Research Gap

Recent advances in diagnostic technologies have facilitated the integration of di-

verse biomedical data modalities to enhance clinical decision-making, particularly

for complex disorders like Alzheimer’s Disease (AD). This progression has driven

interest in multi-modal deep learning frameworks for computer-aided diagnosis

[178]. However, medical multi-modal learning exhibits distinct characteristics

compared to conventional multi-modal applications in vision, language, and au-

dio domains [4]. Medical modalities encompass heterogeneous biosensor-derived

data that lack semantic alignment and exhibit complex missing patterns in real-

world scenarios.

AD diagnosis exemplifies these challenges, involving complementary yet im-

balancedmodalities such as T1-MRI, FDG-PET, clinical assessments, and biomarker

measurements. Existing studies predominantly focus on fixed modality combi-

nations (e.g., T1-MRI & FDG-PET [9], T1-MRI & tabular data [11]), requiring

matched multi-modal data during both training and inference. Such approaches

suffer from critical limitations: (1) The combinatorial explosion of potential modal-

ity configurations reduces the available training data per combination as modality

count increases; (2) Clinical settings often encounter unseen modality combina-

tions not addressed during model development; (3) Integration of novel modalities

necessitates architectural modifications and retraining.

Architectural inflexibility constitutes a primary research gap. Current Transformer-
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based solutions [2, 24] either incur quadratic computational costs through paral-

lel modality processing or lack permutation invariance via serial cross-attention

mechanisms [25]. Furthermore, their reliance on modality-specific components

(e.g., separate backbone networks) increases parameter counts, exacerbating train-

ing instability and overfitting risks in data-scarce medical contexts.

A second critical gap lies in modality alignment strategies. In multi-modal

learning, alignment serves a dual purpose: first, it involves establishing the rela-

tionships between different modalities within a shared metric space, which sup-

ports the fusion module in understanding inter-modal interactions [2, 24]; 2) sec-

ond, it strengthens modality invariance to ensure robust performance despite vari-

ations in input (missing modalities) [drfuse2024, 91, 179]. Cross-modal align-

ment, a technique that promotes precisematching between features of co-occurring

modalities, is commonly applied for both purposes [drfuse2024, 2, 24]. Fun-

damentally, this method restricts the modeling of interactions among different

modalities to a unified framework (as illustrated in Fig. 4.2), enabling it to serve

both alignment purposes concurrently. Nevertheless, this strategy falls short when

addressing the unique requirements within the medical domain. In contrast to typ-

ical modalities such as vision, language, and audio, medical modalities lack in-

herent semantic connections. Instead, their relationships are task-dependent and

frequently associated with a specific disease under investigation. Consequently,

imposing direct cross-modal alignment may impede the discovery of distinct yet

complementary information from diverse modalities, which is crucial for differ-

ential diagnosis.
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4.2 Methods

4.2.1 Problem Formulation

Drawing from [5], the task is defined as a 3-way classification problem distinguish-

ing Normal Cognition (NC), Mild Cognitive Impairment (MCI), and Alzheimer’s

Disease (AD). The objective is to utilize diverse modality combinations in the

training data to predict AD classifications for any combination of known modal-

ities while ensuring adaptability to novel modalities with minimal computational

overhead. LetM = {m1,m2, . . . ,mK} represent the set ofK modalities observed

during training, andMu = {mu1, . . . } denote unseen modalities. The non-empty

power set 2M = {X | X ⊆ M,X ̸= ∅} encapsulates all possible combinations

of known modalities. The specific combinations encountered during training are

denoted as C = {Xi | Xi ∈ 2M ,∪Xi = M}. During inference, two types

of unseen scenarios are addressed: 1) novel combinations of known modalities,

Cu = 2M \ C, which can be directly inferred post-primary training; and 2) com-

binations involving unseen modalities, C ′
u = {X | X ⊆M ∪Mu, X ∩Mu ̸= ∅}.

A combination c ∈ C∗ is termed a ‘combination,’ with |c| = 1 treated as a

special case representing a single modality. A function f is introduced to pro-

cess samples from any modality combination, expressed as f(Xc; θ,∪θmi
), where

mi ∈ c and Xc = {xmi
} denotes the sample for combination c ∈ C∗. This func-

tion is implemented as a deep neural network with shared parameters θ across all

scenarios and modality-specific parameters θmi
, where |θmi

| ≪ |θ| to minimize

modality-specific overhead. After training on C, the network can handle test sam-

ples Xc′ , c
′ ∈ 2M . For samples with unseen modalities, only the single unseen

modalities m′
i ∈ Mu require additional training to obtain θm′

i
, enabling direct in-
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ference on any unseen combination in C ′
u.

4.2.2 Architecture Design

The proposed architecture integrates two Transformer-based components for pro-

jection and fusion, as illustrated in Fig. 4.1. By incorporating modality-specific

processing, the dimensionality of θmi
is significantly reduced, particularly for: a)

initial feature integration and b) distance estimation in the projection phase. For

a), modality-specific embedding layers Emi
are designed to accommodate diverse

modality formats. For 3D volumetric data, these layers utilize two 3D ResNet

blocks to compress redundant information, transforming the resulting 3D features

directly into initial tokens. For tabular data, the embedding layer expands each at-

tribute to the feature dimension. Following [180], continuous values are processed

via a linear layer, while categorical values use a look-up table. Specifically, each

output token is computed as e = b + h(x) ∈ Rd, where x is a tabular value, b is

the feature bias, and h is an element-wise multiplication with a vector w ∈ Rd for

numerical values or a look-up table in RS×d for categorical values.

Inspired by [181], a modality-agnostic Transformer, denoted G(Emi
, Qmi

; θG),

is proposed. The architecture of G alternates between cross-attention layers and

Transformer blocks. Each cross-attention layer incorporates a trainable, modality-

specific query Qmi
, enabling tailored distance modeling for different modalities.

Notably, except for Qmi
, the parameters θG are shared across all modalities, en-

suring efficient and unified processing.

In the proposed framework, all input modalities {xmi
} are first converted into

a set of initial tokens {Emi
}. A modality-agnostic Transformer is then applied
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Figure 4.1: Pipeline of the proposed method, which involves a projection step that
maps raw data into a shared metric space, and a fusion step that combines features
to perform the final task.
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independently to each modality, producing a set of multi-modal feature tokens

tij ∈ Tmi
, where tij denotes the jth feature for modality mi. This process is math-

ematically expressed as {Tmi
| Tmi

= G(Emi
, Qmi

)}. These feature tokens are

subsequently projected into a fixed-length representation of sizeN . The resulting

representations are processed by a fusion Transformer to generate class embed-

dings for final classification. Notably, the framework imposes no restrictions on

the number of modalities, ensuring both projection and fusion Transformers han-

dle all modalities uniformly. After pretraining, new modalities can be integrated

by adding Qmu and corresponding embedding layers Emi
.
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4.2.3 Task-Oriented Fusion

The proposed unified multi-modal fusion approach emphasizes task-invariant el-

ements. It assumes the existence of N task-oriented factors, with implicit refer-

ences {τ1, τ2, . . . , τN} defined for these factors. The model is trained to align each

feature token tij to one of these references using the alignment loss:

Lalign = −
∑
ij

log

max
{
e(t

i
j)

⊤τ1 , . . . , e(t
i
j)

⊤τN
}

∑N
n=1 e

(tij)
⊤τn

 . (4.1)

Figure 4.2 illustrates how this alignment strategy differs from prior methods [1, 2,

3]. Traditional approaches enhance feature similarity across modality pairs (black

arrows), effectively using a single anchor point (blue arrows). However, these

methods face two limitations: 1) condensing feature tokens into a single repre-

sentation per modality may overlook intra-modal variations, and 2) minimizing

inter-modal distances during feature extraction can conflict with preserving com-

plementary modality characteristics. In contrast, the proposed method uses mul-

tiple implicit task anchors to model both intra-modal and inter-modal similarities

and differences concurrently.

For fusion, each feature token is assigned to a task-related factor via υij =

argmax
n

((tij)
⊤τn). Features within each cluster n are aggregated as:

t′n =

i,j∑
υj
i=n

ωj
i t

j
i , ωj

i =
e(t

i
j)

⊤τn∑i′,j′

υi′
j′=n

e
(ti

′
j′ )

⊤τn
. (4.2)

This results in a fixed-size set of aggregated features |{t′n}| = N , processed con-

sistently by Transformer layers. The fusion Transformer’s outputs are averaged to
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produce the class embedding µy, where y is the class label. Task-level alignment

is achieved using class-specific task anchors {γi} for each class i, optimized via

the N-pair Loss [182]:

LNP(µy, γy, {γi}i ̸=y) = log

[
1 +

∑
i ̸=y

e((µy)⊤γi−(µy)⊤γy)

]
. (4.3)

For samples of different combinations within the same class y, their embeddings

are aligned closer to the shared class anchor γy, eliminating the need to sample

multiple combinations per training step and enhancing training stability.

4.3 Experiment Setup

4.3.1 Dataset

The study leverages the Alzheimer’s Disease Neuroimaging Initiative (ADNI)

dataset https://adni.loni.usc.edu/, a longitudinal, multi-site study trackingAlzheimer’s

disease progression. It includes cognitively normal individuals, those with mild

cognitive impairment (MCI), and Alzheimer’s dementia patients, with repeated

assessments. The dataset comprises 1.5T/3T structural MRI (T1, T2), PET scans

(FDG, amyloid, tau), clinical/cognitive evaluations (e.g., ADAS-Cog, MMSE),

CSF biomarkers (Aβ42, tau), and APOE genotyping. Collected under Institutional

Review Board (IRB) approval and HIPAA compliance, the data is de-identified

and accessible via the Laboratory of Neuro Imaging (LONI) after registration.
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4.3.2 Data Preprocessing

Eight modalities were extracted from ADNI [183]: T1-weighted MRI (T1), T2-

weighted MRI (T2), FDG-PET (F), Amyloid-PET (A), MMSE (Mm), MoCA

(Mo), NeuroBat (Ne), and NPI-Q (Np). The unseen modality set is defined as

Mu = {A,Ne}. For MRI, 6,231 MPRAGE T1w scans from 1,266 patients and

6,399 FLAIR T2w scans from 1,099 patients were used. MRI preprocessing in-

volved spatial normalization to the MNI152 template (91 × 109 × 91), inten-

sity normalization to (0, 1) via min-max scaling, and skull stripping using FSL

tools. Preprocessed PET scans (160× 160× 96), including 2,297 FDG-PET from

1,140 patients and 209 Amyloid-PET from 103 patients, were used as provided by

ADNI. Tabular data included attributes from neuropsychiatric symptom assess-

ment (NPI-Q), neuropsychological assessment (NeuroBat), and cognitive screen-

ing tools (MMSE, MoCA). The cohort with at least one modality totaled 3,881

patients.

All modality time points were used, with examinations within a six-month

window paired to form multi-modal combination samples. The dataset was split

at the patient level into training (80%) and testing (20%) sets for each combination,

ensuring no data leakage.

4.3.3 Implementation Details

The model was implemented in PyTorch and trained on a single NVIDIA RTX

A6000 GPU with 48GB memory. The classification task used cross-entropy loss

(LCE), with the total loss as a weighted sum of LCE , Lalign, and LNP. Optimiza-

tion employed AdamW with an initial learning rate of 3e− 4, following a Cosine
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Annealing schedule with linear warm-up. To address modality imbalance, image

augmentations included random noise, blurring, anisotropy, bias field simulation,

ghosting, spike artifacts, motion distortions, affine transformations, and elastic de-

formations. Task anchors were represented as learnable parameters in R128. Per-

formance was evaluated using weighted F1-score and Accuracy (ACC). For new

modalities, the model was updated via supervised learning on all available training

data.

4.4 Results

4.4.1 Ablation Studies

Ablation experiments were conducted on the modality set {T1, F,Mo,Np}, eval-

uating the impact of excluding specific components from the full model.

4.4.2 Ablation of Architectural Components.

The proposed architecture comprises: 1) a tunable modality-agnostic (MA) Trans-

former for shared projection parameters, and 2) a clustering mechanism in the fu-

sion module to achieve fixed-length representations. For the first component, the

tunable property of the MA Transformer was disabled by sharing query vectors

Qmi
, and then parameter sharing was entirely removed by employing modality-

specific projection (MSP) models. As shown in Table 4.1, the proposed model

achieved the highest average performance (F1: 0.598, ACC: 0.593) while using

only 15% of the parameters required by MSP (11.09M vs. 74.83M). MSP exhib-

ited slower convergence (3× slower than the proposed model), unstable outcomes
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Table 4.1: Ablation study results on projection architectures. MSP denotes
modality-specific projection.

T1 F T1&F T1&F&Mo T1&Mo&F&Np Mean
PARAMS

F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC

MSP 0.296 0.408 0.633 0.622 0.660 0.661 0.687 0.686 0.732 0.735 0.589 0.585 74.83 M
share Qmi

0.465 0.461 0.433 0.518 0.434 0.525 0.680 0.674 0.727 0.725 0.588 0.582 11.08 M
Proposed 0.512 0.515 0.603 0.595 0.606 0.618 0.675 0.677 0.734 0.732 0.595 0.590 11.09 M

Table 4.2: Ablation study results on the fusion module. ‘c’ denotes clustering,
La represents Lalign. ‘Mean’ reflects the average performance across all tested
modalities.

T1&F T1&Mo F&Mo T1&F&Mo Mo&F&Np T1&Mo&F&Np Mean

F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC F1 ACC
w/
La

w/ c 0.606 0.618 0.657 0.654 0.680 0.674 0.675 0.677 0.722 0.721 0.734 0.732 0.595 0.590
w/o c 0.612 0.610 0.609 0.606 0.676 0.668 0.675 0.671 0.723 0.718 0.732 0.728 0.590 0.585

w/o
La

w/ c 0.600 0.592 0.620 0.615 0.657 0.654 0.653 0.635 0.674 0.671 0.661 0.660 0.582 0.576
w/o c 0.581 0.579 0.606 0.598 0.678 0.694 0.631 0.631 0.671 0.665 0.669 0.666 0.586 0.579

w/oLNP 0.578 0.577 0.623 0.628 0.679 0.668 0.631 0.635 0.720 0.712 0.665 0.666 0.595 0.589

with high oscillations, and modality collapse on T1. For the second component,

Table 4.2 demonstrates that clustering reduces computational complexity without

compromising performance.

4.4.3 Decoupled Alignment and Modality Imbalance.

Training across diverse modality combinations poses challenges due to modal-

ity imbalance, with varying convergence rates and overfitting tendencies [184].

As shown in Table 4.2, representation-level alignment via Lalign significantly im-

proves performance, especially for longer modality combinations. However,Lalign

alone is insufficient without task-level alignment through LNP . Figure 4.3 illus-

trates that LNP enhances robustness across modality combinations, reducing scat-

tered validation losses. Relying solely on LNP mitigates performance gaps but

risks overfitting.
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Figure 4.3: Loss curves with each line from a single combination.

4.4.4 Comparative Analysis

Given the novel setting, direct comparisons with prior work are unavailable. In-

stead, the proposed model was compared against flexible architectures for multi-

modal learning with missing modalities: Everything [2], a cross-modal align-

ment method using parallel Transformers, and CasAD [25], which employs cas-

caded Transformers for flexible fusion. Separate models were also trained for

each modality combination, using 3D ResNet and late fusion for 3D volumes, FT-

Transformer [180] for tabular data, and parallel Transformers for combined tabular

and 3D volumes [12].

Figure 4.4 shows that the proposed model outperforms separate models as

modality count increases, achieving a 5.4% higher mean accuracy than Every-

thing for four modalities. The performance gap over separate models widened

to 2.9% for four-modality combinations, while CasAD’s performance declined

significantly with more modalities, and Everything plateaued at top performance

levels.
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Figure 4.4: Results of comparative studies.

Figure 4.5: Results on new modalities and unseen combinations.

4.4.5 Adaptation to New Modalities

Following the training on all combinations of the six observed modalities, the two

Transformers were locked in the proposed model and a small number of additional

parameters (Emu , Qmu) were introduced for the novel modalities mu ∈ {A,Ne}.

The second graph in Fig. 4.5 evaluates the performance differences among three

approaches: updating only (Emu , Qmu), updating the entire model, and using a

baseline model specifically trained for the new modalities. Meanwhile, the third

graph contrasts the parameter costs associated with these three strategies. The

findings indicate that similar performance levels can be attained with considerably

lower computational expenses. The first graph illustrates the proposed model’s

effectiveness on previously unseen modality combinations without any additional

training. The performance improvements or declines resulting from incorporating

A or Ne into three foundational combinations are highlighted. In most instances,
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performance enhancements are indicated in orange, with universally positive out-

comes when both new modalities are added. However, it is important to note that

adding modalities does not guarantee performance gains in every case.

4.5 Discussion

The parameter efficiency of the modality-agnostic Transformer stems from its hy-

brid design that combines shared projection parameters with tunable query vectors.

This architecture addresses the inherent trade-off between model specialization

and combinatorial scalability. The tunable queries prevent modality interference

observed in the shared Qmi
) variant, particularly benefiting heterogeneous data

pairs. The dual alignment strategy mitigates modality imbalance through com-

plementary mechanisms. Representation-level alignment ensures stable gradient

propagation across modalities with differing convergence rates, as evidenced by

the performance improvement on four-modality combinations. Task-level align-

ment prevents overfitting to dominantmodalities by enforcing combination-agnostic

decision boundaries, reducing validation loss dispersion ompared to single-alignment

configurations (Figure 4.3. This synergistic effect enables robust learning across

various unique modality combinations.

In comparative studies, the CasADmodel suffers from significant performance

drop due to its sequential modeling of long modality combinations, which process

only two modalities for each cascaded cross-attention, and is not permutation-

invariant. In contrast, the growing performance advantage over separately trained

models (Figure 4.4 highlights the framework’s suitability for clinical environments

with variable data availability. The linear scaling of parameters versus exponential
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growth in traditional approaches makes the method particularly advantageous for

handling diverse (> 3) modalities. Furthermore, the consistent performance gains

when adding new modalities (Figure 4.5, orange bars) suggest emergent combina-

torial benefits not explicitly trained for, which is a critical feature for real-world

deployment where novel modality combinations frequently arise from evolving

diagnostic protocols.

A primary strength of the proposed framework is its flexibility to incorporate

diverse data modalities, which is a necessary step toward personalized medicine.

However, the development of clinically equitable and generalizable AI models

requires careful consideration of population heterogeneity and the compositional

biases inherent in the datasets used for training.

In this work, the model was developed and evaluated on the dataset as a whole,

without explicit analysis of performance across demographic subgroups such as

those defined by sex, age, or comorbidity burden. This is a recognized limitation,

as Alzheimer’s Disease incidence and presentation can vary across populations

[185]. If performance disparities were to exist across such subgroups, the real-

world utility of the diagnostic tool would be compromised.

Our flexible architecture, however, provides a foundation for implementing

fairness-aware mitigation strategies in future work. The modality-agnostic design

could be adapted to incorporate group-specific decision thresholds at the output

layer, calibrating sensitivity and specificity for different populations. Furthermore,

the training procedure could be enhanced with techniques such as reweighting the

loss function to balance the influence of underrepresented subgroups or employing

adversarial debiasing to learn features invariant to protected attributes. Exploring

these mitigation options is an essential next step to ensure the equitable application
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of our model in diverse clinical populations.

4.6 Conclusion

This work addresses the critical challenge of unified multi-modal learning in medi-

cal imaging through a framework designed for diverse, imbalanced modalities and

dynamic combination scenarios. The proposed architecture achieves three fun-

damental advancements: 1) Combinatorial scalability through modality-agnostic

projection with tunable queries, enabling parameter-efficient adaptation while pre-

ventingmodality interference; 2) Alignment stability via decoupled representation-

task alignment that reduces validation loss dispersion compared to single-alignment

strategies; 3) Dynamic adaptability supporting unseen combinations and newmodal-

ities through lightweight component additions, achieving comparable performance

with full fine-tuning and specifically-trained baselines.



Chapter 5

ARDS Risk Monitoring: Integration

of Asynchronous Modalities

5.1 Problem Background and Research Gap

Forecasting the risk of severe adverse events, marked by sudden onset and ele-

vated mortality rates, is a pivotal use of artificial intelligence in clinical settings

[186, 187]. Among these, Acute Respiratory Distress Syndrome (ARDS) poses

a significant challenge within intensive care units (ICUs), particularly following

the COVID-19 pandemic [153]. ARDS affects approximately 10–15% of ICU pa-

tients [188], with mortality rates approaching 40% [188, 189]. A major factor con-

tributing to this high mortality is the frequent failure to promptly identify ARDS,

which hinders timely life-saving interventions [188]. The challenge is intensi-

fied by the vast and intricate nature of real-time ICU data, which often surpasses

clinicians’ ability to derive actionable insights [190]. Thus, leveraging the rich,

continuous, and multi-modal data streams to produce accurate and timely ARDS

87
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risk predictions holds immense clinical potential.

Early identification ofARDS depends on integrating diverse clinical data sources,

yet current methodologies remain disjointed. Traditional statistical and machine

learning approaches have utilized structured electronic health record (EHR) data,

focusing on vital signs (VS) and laboratory results (LAB)within fixed time frames.

For example, logistic regression models analyzing EHR-derived features from the

initial 24–48 hours of ICU admission achieved AUROCs of 0.78–0.81, but these

approaches often overlooked temporal trends and imaging data [148, 152, 191].

Chest X-rays (CXRs), which reveal lung-specific findings such as bilateral opac-

ities, offer critical diagnostic precision but are limited by infrequent acquisition,

subjective interpretation, and delayed manifestation of lung injury [150, 192]. Re-

cent progress in deep learning has shown convolutional neural networks (CNNs)

can identify subtle CXR patterns predictive of ARDS, achieving AUROCs of

0.82–0.85 [149, 192]. However, these image-centric models fail to incorporate

the dynamic physiological context provided by high-frequency VS and irregularly

sampled LAB data. In [151], a late fusion approach attempted to integrate CXR

and EHR data, but it relied on oversimplified temporal summaries, reducing time-

series data to static statistics, and fixed prediction windows.

Such approaches neglect the asynchronous nature of ICU data sampling and

the clinical need for continuous risk reassessment as patient conditions change.

As a result, existing systems fall short in addressing two key deficiencies: 1) in-

adequate modeling of interdependencies among irregularly sampled multi-modal

data, and 2) static, one-off predictions that do not align with the dynamic monitor-

ing requirements of ICUs, where clinicians need regularly updated risk evaluations

to inform time-critical interventions.
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5.2 Methods

5.2.1 Data Sources

This research leverages retrospective datasets from two publicly accessible repos-

itories from Beth Israel Deaconess Medical Center in Boston, MA: 1) MIMIC-IV

[193] https://mimic-iv.mit.edu/, encompassing electronic health record (EHR) data

from 53,130 ICU admissions spanning 2008 to 2019; and 2) MIMIC-CXR [194]

https://www.physionet.org/content/mimic-cxr/2.0.0/, which includes 377,110 de-

identified chest radiographs linked with free-text radiology reports collected be-

tween 2011 and 2016.

Patient eligibility was established through a series of exclusions. Initially, pe-

diatric patients (under 18 years), admissions involving multiple ICU stays, and

inter-unit transfers were removed, reducing the MIMIC-IV cohort from 53,130

to 45,127 admissions. Further filtering excluded admissions without correspond-

ing chest radiographs in MIMIC-CXR, resulting in a final cohort of 10,056 ICU

admissions.

5.2.1.1 ARDS Case Definition

Following prior studies [148, 152], ARDS cases were identified using the 2012

Berlin criteria [195], which mandates mechanical ventilation for hypoxemia eval-

uation. However, this study adopted an updated ARDS definition [196] to align

with contemporary respiratory support practices. Key modifications included: 1)

incorporating high-flow nasal oxygen with a flow rate exceeding 30 L/min, and 2)

defining hypoxemia using PaO2:FIO2 < 300 mm Hg or SpO2:FIO2 < 315 (for

SpO2 < 97%).
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ARDS onset was marked as the earliest time point satisfying the hypoxemia

criteria (modification 2). To exclude pre-existing ARDS and ensure sufficient

baseline data, 457 admissions with ARDS onset within 6 hours of ICU admis-

sion were excluded. The final cohort consisted of 9,599 unique patients, including

463 confirmed ARDS cases.

5.2.1.2 Data Pre-processing

Chest X-ray (CXR) images, irrespective of view type, underwent preprocessing

steps including intensity normalization, resizing, center-cropping to 224 × 224

pixels, and data augmentation via random horizontal flips and affine transforma-

tions. Laboratory assessments encompassed a wide array of metabolic markers

(e.g., lactic acid, glucose in serum and whole blood, anion gap, pH from arterial,

venous, and urine samples, serum bicarbonate, and arterial base excess). Hemato-

logical parameters included platelet counts, leukocyte counts, hemoglobin, hema-

tocrit, and differential counts for eosinophils, monocytes, neutrophils, basophils,

and lymphocytes. Coagulation profiles covered prothrombin time, international

normalized ratio, and partial thromboplastin time. Cardiac markers included cre-

atine kinase-MB, troponin-T, arterial oxygen and carbon dioxide pressures, and

total CO2 in arterial blood. Renal function was evaluated through blood urea

nitrogen, serum creatinine, and urine specific gravity. Hepatic and inflamma-

tory markers included aspartate aminotransferase, alanine aminotransferase, total

bilirubin, albumin, lactate dehydrogenase, and alkaline phosphatase. Electrolyte

profiles comprised sodium, chloride, ionized and non-ionized calcium, magne-

sium, phosphorus, and potassium in both whole blood and serum. Point-of-care

glucosemonitoring via fingerstick was also included. Vital signs included invasive
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arterial blood pressure (systolic, diastolic, mean), noninvasive oscillometric blood

pressure (systolic, diastolic, mean), core temperature (Fahrenheit, with site docu-

mentation), heart rate, rhythm characterization, and ventricular ectopy parameters.

All laboratory measurements and vital signs were normalized to standard ranges

[88]. The cohort was divided into training (70%) and test (30%) sets using strat-

ified sampling to maintain outcome distribution, with results reported on the test

set of 2,880 patients, including 139 ARDS cases.

5.2.2 Problem Formulation

Heterogeneous Multi-Modal Data. This study focuses on three ARDS-relevant

modalities in the ICU: chest X-rays (CXRs), vital signs (VS), and laboratory re-

sults (LAB), with VS and LAB defined by a predefined parameter set P . Un-

like CXRs, which are acquired at discrete time points, VS and LAB parameters

exhibit varying observation times. Vital signs are typically recorded at high fre-

quency with regular intervals, while laboratory tests are sampled irregularly with a

broader parameter range. CXRs, in contrast, are acquired sparsely and irregularly.

These heterogeneous data streams are unified under a single time coordinate,

defining the asynchronous multi-modal input at prediction time ti over period T

as Iti = {D·
t, ti − T < t < ti}, where each data point is denoted as Dm

t for

m = CXR, orDmp

t , p ∈ P form ∈ {VS,LAB}, with t indicating the observation

time during ICU stay.

Continuous Risk Monitoring. Rather than relying on fixed data windows

for ARDS diagnosis, the proposed model dynamically tracks ARDS risk through

periodic predictions at 6-hour intervals. Starting at time t0, the model generates
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Figure 5.1: Schematic of the proposed pipeline.

Figure 5.2: Visual representation of ARDS patient monitoring results, showing
risk scores and emergency levels (color-coded).

predictions at ti = t0 + i× 6 hours, where i = 1, 2, . . .. At each ti, the model pro-

cesses asynchronous multi-modal data Iti over a period T = min(72 hours, ti −

admission time). Outputs include an ARDS risk score (r ∈ (0, 1)) indicating like-

lihood and an emergency level (e ∈ {1, 2, 3, 4}) denoting time to onset, guiding in-

tervention urgency. Emergency level 4 indicates the highest urgency (onset within

12 hours), followed by level 3 (12–24 hours), level 2 (24–48 hours), and level 1

(beyond 48 hours).
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5.2.3 Network Design

The proposed architecture comprises three integrated stages: 1) feature encoding,

transforming raw data {D·
t} into unified latent features {fm

t̃
}; 2) feature fusion,

capturing cross-modal and sequential dependencies to produce a summary feature

f̂i; and 3) a task head, using a multilayer perceptron (MLP) to predict risk scores

and emergency levels from f̂i.

Feature Encoding. Asynchronous multi-modal inputs {D·
t} are processed

into unified latent features {fm
t̃
} through modality-specific pipelines. CXR spa-

tial features are extracted using established convolutional neural network (CNN)

architectures with direct timestamp alignment. For tabular data (VS and LAB), an

adaptive sliding window algorithm groups observations temporally. Starting from

an initial timestamp t0, the algorithm aggregates observations within a tolerance

threshold τ , avoiding duplicates by tracking marked timestamps. The windowW

includes all unmarked tk where |tk − t0| ≤ τ , with the effective timestamp set as

t̃ = mintk∈W tk. This ensures non-redundant grouping while preserving temporal

coherence.

Following [180], windowed data is embedded via linear projection Wcont ∈

Rd×1 for continuous parameters and an embedding table E ∈ Rd×|C| for categor-

ical values. Each parameter is represented as a d-dimensional token (d = 128 in

experiments), with attention masks handling missing values in Transformer layers.

A CLS token captures cross-parameter interactions, yielding modality feature fm
t̃
.

Temporal Positional Encoding. To maintain temporal relationships across

asynchronous measurements, a modality-aware positional encoding is developed.

For each feature fm
t̃
, the modality typem is encoded as a categorical variable Cm,
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and the normalized relative timestamp is computed as Rt̃ = (t̃ − ti)/∆T within

the observation window [ti, ti+∆T ]. These are combined via an MLP with ReLU

activation to produce a joint positional encoding P = MLP(Rt̃, Cm) ∈ Rd. This

encoding is added element-wise to fm
t̃
, preserving both temporal and modality-

specific context while mitigating synchronization issues from fixed-interval ag-

gregation.

Feature Integration. Modeling interactions across asynchronous modalities

and sequential predictions is addressed through a hierarchical fusion framework

using Transformer architectures [39, 197]. Two specialized mechanisms enhance

efficiency: Staged Temporal-Modal Fusion (STM Fusion) and Progressive Con-

text Memory (PCM).

STMFusion processes {fm
t̃
} in two phases: modality-specific temporal Trans-

former layers compress each modality’s irregular sequence into a summary vector

using modality-aware positional encodings, followed by cross-modal fusion via

multimodal Transformer layers with modality embeddings. This reduces com-

putational complexity from O((MT )2) to O(M · T 2), minimizing interference

between modalities.

PCM addresses sequential prediction by modeling dependencies across pre-

diction times {t0, . . . , ti}. Instead of processing all historical features, PCM uses:

1) Incremental Encoding, processing only new observations since ti−1:

∆f̂i = STM-Fusion ({f ·
t | ti−1 < t ≤ ti}) , (5.1)

and 2)Memory-AugmentedAttention, maintaining amemory bankM = {f̂0, . . . ,∆f̂i−1}

updated with f̂i. A Transformer layer overM learns attention weights for con-
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text aggregation, reducing temporal complexity toO(L2+MT 2)while preserving

long-range dependencies.

5.2.4 Training Strategy

The training process tackles irregular sampling and class imbalance through late

batching and balanced sampling.

Late Batching. To manage irregular temporal sequences without information

leakage, a patient-centric late batching protocol processes one patient’s data per

batch, sequentially handling all prediction time points {t0, . . . , tL}. Gradient ac-

cumulation over B patients ensures stable updates:

θ ← θ − η 1
B

B∑
k=1

∇θL(I(k)t0:tL
), (5.2)

where I(k)t0:tL
represents temporal samples for patient k.

Balanced Sampling. A balanced sampler addresses class imbalance by se-

lecting half the batch from positive and negative classes, shuffling them to ensure

equal representation. Implemented as a dynamic generator, it maintains dataset

integrity while optimizing for imbalanced learning.

5.2.5 Training Implementation

The model uses cross-entropy loss for risk scores and MSE loss for emergency

levels, equally weighted. Optimization employs AdamW with an initial learning

rate of 3e-4, using cosine annealing with linear warm-up. Training ran for 20,000

steps with a batch size of 16, selecting the final model based on balanced perfor-
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Figure 5.3: Performance comparison of fusion strategies, with notable differences
emphasized. A: with both STM and PCM; B: without PCM; C: without STM; D:
without both.

Table 5.1: Impact of training strategies on model performance.

Training Method Slope↑ Volatility↓ AUROC% ↑ ACC% ↑ SEN% ↑Late Batching Balanced Sampling

5.48e-6 0.089 70.62 95.45 0
2.06e-5 0.078 78.32 95.45 0
3.76e-5 0.070 75.52 72.21 59.12
7.41e-4 0.046 82.69 76.55 75.20

mance on the validation set. Experiments were conducted using PyTorch on an

NVIDIA RTX 3090 Ti GPU with 24GB memory.

Table 5.2: Performance evaluation of asynchronous modality integration.

Modalities AUROC% ↑ ACC% ↑ SEN% ↑ SPE% ↑ MAE↓ MSE↓CXR EHR

73.71±1.73 79.92±1.17 45.38±2.34 82.15±1.18 1.12±0.03 1.85±0.11
79.03±1.19 78.04±0.96 67.03±1.80 79.13±0.98 1.26±0.04 2.42±0.12
83.26±0.96 76.43±0.29 73.70±0.20 76.53±0.08 0.58±0.01 0.70±0.02

5.3 Results

5.3.1 Design Choices Evaluation

Fusion Strategies.

The proposed fusion architecture was evaluated by comparing: (1) STM fu-

sion against interleaved fusion on concatenated asynchronous multi-modal tokens,
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Figure 5.4: Detailed assessment of continuous risk monitoring performance.



CHAPTER 5. ARDS RISK MONITORING 98

Figure 5.5: Per-prediction performance across different time intervals.

Figure 5.6: Relative risk trend analysis.
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and (2) PCM-augmented attention against a baseline processing all historical data

without discrimination. Performance metrics included Accuracy (ACC), Sensi-

tivity (SEN), AUROC, and Mean Absolute Error (MAE) for emergency level pre-

dictions, averaged over sequential prediction points with 3-fold cross-validation

and a fixed threshold of 0.5. As depicted in Fig. 5.3, STM significantly enhances

AUROC, while PCM improves emergency level prediction accuracy and reduces

variability, likely due to its context-aware modeling. The combination of STM and

PCM markedly improves sensitivity for ARDS cases, critical for risk prediction.

Without these fusion strategies, baseline D achieves high ACC but significantly

lower SEN under class imbalance conditions.

Training Strategy Effectiveness. Ablation studies validated the necessity of

tailored training approaches using absolute loss slope, volatility (relative mean ab-

solute change), and diagnostic metrics. Without balanced sampling, the negative

class overshadows predictions, resulting in low variance and near-zero outputs.

Late batching alone boosts AUROC by approximately+8% byminimizing exces-

sive padding for irregular data. Combined, these strategies ensure robust training

with significant improvements in diagnostic performance (Tab. 5.1).

AsynchronousModality Integration. Table 5.2 shows that EHR data outper-

forms CXR in risk prediction due to its sensitivity to early physiological changes,

while CXR slightly excels in emergency prediction for positive cases through post-

symptom imaging cues. Their integration demonstrates substantial complemen-

tary benefits, enhancing performance in this complex task.
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5.3.2 Dynamic Risk Monitoring Performance

Risk Score Diagnostic Accuracy. Figure 5.2 visually illustrates monitoring out-

comes. Further evaluation of temporal prediction performance is provided via

ROC curves for risk scores across 6-hour windows within 24 hours before ARDS

onset (Fig. 5.4(c-f)). Predictions were generated from randomly sampled time

points (negative cases: randomwindows; positive cases: pre-onset windows) over

10 experiments. AUROC gradually declined from 0.94 (< 6h) to 0.87 (18-24h),

reflecting decreasing clinical urgency.

Aggregated performance over broader intervals (Fig. 5.5) achieved AUROCs

of 0.92 (< 24h) and 0.88 (< 48h) across 10 repeated samplings, surpassing prior

studies (AUROC: 0.78-0.85).

Emergency Level Prediction Accuracy. The model’s emergency level pre-

dictions escalate as ARDS onset nears (Fig. 5.2). Stratification by true urgency

levels (Fig. 5.4a-b) shows Level 1 (> 48h) predictions maintain acceptable error

margins (< 1 level), preventing resource misallocation. Levels 2–3 demonstrate

improved accuracy but tend to cluster in mid-range values (predicted: 1.5–3.3 vs.

true: 1–4; Fig. 5.2). This conservative bias in predicting extreme levels suggests

a need for recalibration to improve discrimination at critical urgency thresholds.

Risk StratificationAnalysis. Patient-level risk stratification comparedARDS

incidence between high-risk (threshold-exceeding) and low-risk groups using rel-

ative risk (RR), calculated as the ratio of ARDS incidence in the high-risk group

to the low-risk group. Figure 5.6 shows RR values consistently above 12 across

thresholds (0.3–0.9), indicating robust stratification. A threshold of 0.4 marks a

shift from low-risk to high-risk dominance. Peak performance occurs at a thresh-
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old of 0.7 (RR= 25.83), with stable RRs (19.92–25.83) in the moderate range

(0.5–0.7), effectively identifying high-risk patients for efficient resource alloca-

tion.

5.4 Discussion

The STM-PCM fusion approach highlights the importance of specialized architec-

tures for handling asynchronous, multi-modal longitudinal data. STM’s AUROC

improvements likely arise from its ability to capture temporal dependencies in to-

ken sequences, while PCM’s context-aware attention reduces noise in sparse clin-

ical data. Late batching and balanced sampling address key ICU data challenges:

irregular sampling and class imbalance. These design choices collectively enhance

model stability and sensitivity, overcoming limitations of naive baselines (e.g.,

high accuracy but low sensitivity in D). The complementary strengths of EHR

(temporal dynamics) and CXR (pathological specificity) support multi-modal in-

tegration, aligningwith clinical workflowswhere acute changes and historical con-

text guide decisions.

The model’s high AUROC (0.94 near onset) and robust RR values (> 12)

demonstrate reliable risk stratification, outperforming existing methods and sup-

porting its potential as an early-warning system, particularly within the critical

6-hour window.

The sharp RR drop at a threshold of 0.4 reflects a transition from low-risk to

high-risk dominance. At 0.3, the low-risk group is small (32%) but highly accu-

rate, leading to low incidence and high RR. At 0.4, the low-risk group expands but

becomes less accurate, while the high-risk group remains insufficiently precise,
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causing the RR drop. Beyond 0.5, the high-risk group dominates with greater ac-

curacy.

The conservative bias in emergency level predictions (underestimating ex-

tremes) is a notable limitation. While this may prevent over-triage in resource-

constrained settings, it risks delaying interventions for rapidly deteriorating pa-

tients. This bias may stem from loss function asymmetry or underrepresentation

of extreme cases, necessitating recalibration to enhance discrimination at critical

thresholds.

This study did not explicitly assess performance across demographic or clini-

cal subgroups (e.g., by sex, age, or comorbidities), which is critical for equitable

AI application. The MIMIC-IV and MIMIC-CXR datasets, sourced from a single

center, may limit generalizability due to demographic constraints. Factors such as

sex-specific ARDS presentation, age-related lung compliance changes, or comor-

bidities (e.g., chronic obstructive pulmonary disease) could impact performance

[198]. Future validation on diverse cohorts is needed to identify potential dispar-

ities. Mitigation strategies include reweighting training data for underrepresented

groups or applying group-specific thresholds to ensure equitable sensitivity and

specificity.

5.5 Conclusion

This study advances ARDS risk prediction by introducing continuous monitor-

ing using asynchronous multi-modal ICU data. Tailored hierarchical fusion and

training strategies, validated through ablation studies, achieve significantly higher

AUROCs than prior work. The model’s potential for early ARDS detection and
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resource prioritization is supported by robust emergency level predictions and ef-

fective patient risk stratification, offering substantial clinical value.



Chapter 6

Conclusion and Future Work

6.1 Conclusion

This thesis establishes unified frameworks for flexible modality integration in

medical multimodal learning, systematically addressing the critical limitations of

conventional multimodal paradigms constrained by static modality availability.

By resolving domain-specific challenges across three clinically consequential ap-

plications, the research demonstrates that robust adaptation to dynamic modality

subsets and asynchronous sequences is both technically feasible and essential for

real-world clinical deployment.

The selection of these three applications, which are multimodalMRI synthesis,

Alzheimer’s diagnosis with heterogeneous data, and dynamic ARDS risk moni-

toring, is deliberate and representative. They collectively span the two dominant

medical AI paradigms: (1) dense prediction tasks (exemplified by MRI synthe-

sis), demanding pixel-level anatomical fidelity for spatially aligned multimodal

images; and (2) decision-centric tasks (illustrated by AD diagnosis and ARDS

104
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monitoring), requiring integration of semantically misaligned or temporally irreg-

ular data for clinical decision support. Furthermore, they encapsulate the three

cardinal challenges of flexible integration: (i) multimodal image fusion (MRI se-

quences with spatial misalignment and modality-specific structures), (ii) hetero-

geneous modality fusion (non-imaging tabular data with neuroimaging in AD di-

agnosis, which is diverse and imbalanced), and (iii) asynchronous longitudinal

fusion (sparse imaging and high-frequency physiological streams in ICU moni-

toring). These applications were chosen not only for their clinical prevalence but

also for their distinct technical demands, providing rigorous testbeds for evaluating

generalized solutions.

In multimodal MRI synthesis, the integration of fine-grained difference learn-

ing with multi-scale deformable convolutions reconciles the historical fragmenta-

tion between cross-modality synthesis and super-resolution. This approach achieves

consistent high-fidelity reconstruction under extreme degradation (2–16× under-

sampling) while preserving clinically critical modality-specific structures, over-

coming spatial misalignment through feature-level warping. For Alzheimer’s di-

agnosis, the AnyMod architecture introduces representation-task decoupled align-

ment to handle arbitrary combinations of imaging and non-imaging data. By map-

ping heterogeneous inputs to class-invariant prototypes viamodality-agnostic Trans-

former projectors and dynamic token clustering, the framework preserves task-

specific semantics while ensuring computational scalability, demonstrating in-

creasing performance advantages as modality count grows. In dynamic ARDS risk

monitoring, modality-wise encoding with adaptive spatiotemporal embeddings

and staged temporal-modal fusion resolves the asynchronicity between sparse chest

X-rays and high-frequency vital signs. The progressive context memory mech-
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anism enables efficient long-range dependency modeling, delivering actionable

hourly risk stratification and precise time-to-onset quantification critical for ICU

workflows.

Empirical validation across public datasets (IXI, BraTS, ADNI, MIMIC-IV)

confirms consistent superiority with significant gains in reconstruction fidelity, di-

agnostic accuracy, and prognostic precision over state-of-the-art methods. Through

integration of dynamic adaptation, task-driven alignment, and anatomical/temporal

prior exploitation, this work advances medical AI toward clinically resilient and

data-efficient multimodal learning.

6.1.1 Future Work

While the models were validated on established public datasets, their generaliz-

ability to new clinical environments with different patient demographics, clini-

cal protocols, and data acquisition systems requires further investigation. For in-

stance, models trained on ADNI, which has known underrepresentation of diverse

ethnic groups, may not perform equitably across global populations. Similarly,

models developed on MIMIC-IV’s single-institution data may be susceptible to

site-specific biases in clinical practice. Future work should include explicit sensi-

tivity analyses and subgroup assessments across race, ethnicity, and hospital sites

to quantify and mitigate these biases, ensuring model fairness. Furthermore, for

operationally-focused models like the ARDS risk monitor, the goal should not al-

ways be a single generalizable model, but the ability to share ’recipes’ for effective

local retraining and validation.

Furthermore, to bridge the gap between high performance and clinical trust,
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future work must prioritize explainable artificial intelligence (XAI). While our

model demonstrates strong predictive accuracy, its”black-box” nature remains a

limitation for clinical adoption. Future iterations should incorporate XAI tech-

niques, such as saliency maps for neuroimaging modalities and Shapley values for

tabular data, to visualize which features and regions most influenced the diagno-

sis. This is not just for transparency; it is a crucial step for validating that our

model’s decisions are based on biologically plausible markers like hippocampal

atrophy or specific pathological signatures. For a system as flexible as ours, de-

signed to handle any modality combination, an advanced framework like an ”XAI

Orchestrator” could be developed to dynamically manage and generate coherent

explanations across different data types and time points, making the AI a more

interpretable partner for clinicians.

There are several possible enhancements to further improve the proposed al-

gorithms. For MRI synthesis, generalizing the current dual-modality approach

to handle any number of input modalities will address clinical needs for compre-

hensive protocols. This requires mechanisms to efficiently combine anatomical

priors from multiple references while managing computational complexity. For

Alzheimer’s diagnosis, introducing performance guarantees for different modality

subsets will ensure reliable deployment, and integrating longitudinal multimodal

trajectories to model preclinical disease progression will enable earlier disease risk

prediction. The ARDS risk prediction framework would benefit from quantifying

prediction uncertainty, allowing alerts to dynamically balance early warning sen-

sitivity and false alarms based on clinical urgency.

In addition to application-specific improvements, three overarching frontiers

are worth investigating. First, Integrating medical foundation models could enable
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zero-shot adaptation to novel modalities by projecting them into unified semantic

spaces. Coupled with multi-task optimization, where shared encoders maintain

combinatorial flexibility while task-specific heads preserve diagnostic precision,

this approach would create a scalable backbone for diverse clinical scenarios. Cru-

cially, lightweight adapters must mitigate domain shifts to ensure robust deploy-

ment. Another promising direction the development of unified medical vision-

language models. Such a model could use a large language model (LLM) as a

core reasoning engine, while our proposed modality-agnostic projectors serve as

adapters, translating diverse medical data modalities—be it an MRI scan, a tabular

lab value, or a time-series vital sign—into a shared semantic space understandable

by the LLM. This would enable zero-shot or few-shot adaptation to novel diag-

nostic tasks and modality combinations, while possibly enhance interpretability

through the reasoning process. The key research challenge would be to develop ef-

ficient fine-tuning techniques, such as Low-Rank Adaptation (LoRA), to mitigate

domain shift and align these general-purpose models with the precise requirements

of medical diagnosis without catastrophic forgetting.

Second, AI agent ecosystems could operationalize flexible multimodal learn-

ing in clinical workflows. For instance, dense prediction outputs might dynam-

ically trigger decision-centric agents for risk assessment, which in turn request

additional tests based on uncertainty thresholds. Such chained reasoning, where

agents iteratively gather modalities to resolve ambiguities, would embody the full

potential of adaptive integration, transforming static AI tools into collaborative

clinical partners.

Lastly, quantifying multimodal prediction reliability, particularly for critical

decisions, would directly enhance clinical trustworthiness. Beyond flagging high-



CHAPTER 6. CONCLUSION AND FUTURE WORK 109

risk cases (e.g., low-confidence ARDS alerts), uncertainty metrics could actively

guide stepwise modality acquisition: ambiguous predictions trigger requests for

additional tests, mirroring clinical workflows. This closed-loop interaction would

dynamically demonstrate flexible integration’s value in optimizing diagnostic re-

source utilization.

Building on uncertainty quantification, the next critical step is prospective val-

idation in real-world longitudinal settings. Our current validation, while robust,

is retrospective. A powerful method to demonstrate long-term predictive valid-

ity is time-to-event analysis (or survival analysis). This framework is ideal for

modeling the time until a critical event, such as the conversion from Mild Cogni-

tive Impairment (MCI) to Alzheimer’s Disease . By applying models like the Cox

proportional hazards model, we could not only predict who will convert but also

estimate the hazard ratio and time-to-conversion for different patient subgroups,

providing a dynamic and clinically highly relevant risk assessment. To opera-

tionalize this, we recommend a prospective cohort study design, such as Trials

within Cohorts (TwiCs), where our model could be embedded into an ongoing ob-

servational study. Patients’ data would be processed in real-time, and predictions

delivered to clinicians, allowing for a direct evaluation of the model’s utility in

optimizing clinical workflows and improving patient outcomes .
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