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Abstract 
Early detection of disease is a cornerstone for improving patient outcomes, 
reducing costs, and enabling preventative interventions. Traditional predictive 
models often rely on a single type of data (e.g., imaging, clinical labs, or genomics). 
However, human health is inherently multimodal, involving a variety of data 
sources such as electronic health records (EHRs), medical imaging, wearable 
sensor data, genomics, and clinical notes. Integrating these heterogeneous 
modalities into unified predictive models offers a path to richer, more accurate, 
and more robust disease detection. In this paper, we present a comprehensive 
survey of methods in multimodal predictive modeling for early disease detection, 
illustrate architectural patterns and fusion strategies, discuss challenges (e.g. 
missing modalities, interpretability, generalizability, bias), and highlight 
promising directions. We also propose a reference architecture for developing such 
systems and suggest evaluation best practices. 
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1. INTRODUCTION
Early detection of disease before clinical symptoms 
manifest or when therapeutic interventions are most 
effective is a desirable goal in many domains of 
medicine (e.g. oncology, cardiology, neurology). 
Predictive modeling, often based on statistical 
learning or machine learning (ML) techniques, has 
emerged as a powerful tool to assist clinicians in 
forecasting the risk or onset of disease. Traditional 
predictive models frequently rely on a single modality: 
for instance, imaging, lab tests, or genomics. Yet, such 

unimodal approaches often fail to capture the full 
complexity of disease processes, which may manifest 
across multiple biological, phenotypic, and behavioral 
dimensions. 
In contrast, multimodal predictive modeling seeks to 
integrate diverse data modalities (e.g. EHR, imaging, 
time-series from sensors, omics, clinical notes) to 
leverage complementary information. The hypothesis 
is that combining modalities can lead to richer feature 
representations, improved robustness, earlier 
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detection, and better generalization. For instance, 
combining MRI scans with genomic biomarkers and 
longitudinal lab tests may permit prediction of 
neurodegenerative disease progression earlier than 
using any single modality alone. 
There is growing interest in this area. A scoping review 
of multimodal machine learning in precision health 
finds that multimodal fusion is increasingly applied in 
disease detection tasks. A review focusing on EHR–
imaging fusion shows that multimodal fusion models 
consistently outperform single-modality baselines 
[20]. Nonetheless, numerous challenges remain: data 
heterogeneity, missing modalities, interpretability, 
domain shifts, and integration into clinical workflows. 
In this paper, we make the following contributions: 
1. We systematically survey the landscape of 

multimodal predictive modeling methods for 
early disease detection. 

2. We categorize architectural patterns (fusion 
strategies, modality-specific encoders, joint 
models) and discuss their strengths/weaknesses. 

3. We discuss real-world challenges (missing data, 
bias, interpretability, validation) and mitigation 
strategies. 

4. We propose a reference architecture and best 
practices for building such systems. 

5. We highlight future directions, including 
continual learning, federated multimodal 
learning, and domain adaptation. 

The rest of this paper is organized as follows.  
 Section 2 provides background and definitions.  
 Section 3 overviews the data modalities used in 

practice.  
 Section 4 covers architectural patterns and fusion 

strategies.  
 Section 5 discusses model interpretability, 

missing modalities, and practical challenges.  
 Section 6 gives evaluation strategies and case 

studies.  
 Section 7 suggests a reference architecture.  
 Section 8 outlines open problems and future 

directions.  
 Section 9 concludes. 
 
 
 
 
2. BACKGROUND AND DEFINITIONS 

In this section, we clarify key terminology and place 
multimodal predictive modeling in the broader ML 
taxonomy. 
 
2.1 Predictive Modeling in Healthcare 
Predictive modeling refers to algorithms that take 
input features (x) and output a prediction (\hat{y}), 
often representing disease risk, classification, or time-
to-event. In the healthcare domain, common tasks 
include: 
 
 Disease onset prediction: Given baseline data, 

predict whether a patient will develop a disease 
within a time horizon (binary classification or risk 
score). 

 
 Progression prediction: Forecast the worsening 

of a known disease (e.g. Alzheimer’s staging, 
cancer progression). 

 
 Mortality prediction / readmission prediction: 

Predict whether a patient will die or be readmitted 
within a given window [11]. 

 
 Time-to-event modeling: Survival analysis 

frameworks (e.g. Cox models, deep survival nets) 
predict hazard functions. 

Traditional models include logistic regression, Cox 
regression, random forest, gradient boosting 
machines, and, in recent years, deep learning. 
 
2.2 What is Multimodal Data? 
Multimodal data refers to data from multiple distinct 
sources or “modalities,” each capturing different 
characteristics of the subject. In healthcare, 
modalities might include: 
 Structured clinical data: Demographics, 

laboratory test results, vitals, comorbidities (often 
in EHRs). 

 Time-series sensor data: Wearable or monitoring 
devices (ECG, continuous glucose, 
accelerometer). 

 Medical imaging: MRI, CT, X-ray, 
mammography, histopathology. 

 Genomics / transcriptomic / proteomics / 
metabolomics: Omics-level biomarkers. 

 Clinical text / notes: Physician notes, discharge 
summaries, radiology reports. 
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 Other modalities: Radiomics (quantitative image 
features), voice/speech data, audio, video, 
pathology slides, etc. 

Each modality offers unique and complementary 
perspectives; their fusion promises enhanced 
predictive power. 
 
2.3 Multimodal Fusion Strategies 
The main challenge in multimodal modeling is how 
to integrate these heterogeneous modalities 
effectively. Approaches typically fall into one (or a 
hybrid) of: 
 Early fusion (feature-level fusion): Raw features 

(or encoded representations) from all modalities 
are concatenated and input to a joint model. 

 Intermediate fusion (hybrid fusion / joint 
embedding): Each modality is processed via 
modality-specific encoders to a latent space, then 
fused (e.g. by attention, gating, merging) and 
passed to shared downstream layers. 

 Late fusion (decision-level fusion / ensemble): 
Each modality (or subset) yields independent 
predictions; these predictions are then combined 
(e.g. via voting, weighted averaging, meta-learner). 

Each strategy has tradeoffs regarding flexibility, 
complexity, handling of missing modalities, and 
interpretability. Some works also explore hierarchical 
fusion or dynamic fusion depending on sample 
context. 
 
2.4 Challenges Unique to Multimodal Healthcare 
Modeling 
Some of the key challenges are: 
 Heterogeneous scales and distributions: Imaging 

data are high-dimensional, dense; clinical labs are 
low-dimensional; time-series are sequential. 

 Missing modalities: Not every patient has full 
coverage (e.g. imaging may be missing). Models 
must be robust to missingness. 

 Alignment across modalities: Temporal 
alignment (e.g. when lab tests and imaging were 
done) matters. 

 Interpretability and trust: Clinical adoption 
demands explanations of model predictions. 

 Bias, domain shift, and generalizability: 
Differences in data acquisition across sites pose 
domain adaptation issues. 

 Data privacy and regulatory restrictions: 
Sensitive health data hinder data sharing. 

Later sections discuss mitigation strategies. 
 
3. DATA MODALITIES IN PRACTICE 
In building multimodal predictive models, a 
foundational step is choosing and appropriately 
processing the input modalities. This section outlines 
common modalities, their opportunities, and 
challenges. 
 
3.1 Electronic Health Records (EHR) / Structured 
Clinical Data 
EHR data include demographics, comorbidities, lab 
test values, vitals, prescriptions, procedure codes, etc. 
Advantages: 
 Widely collected in many healthcare systems. 
 Reflect real-world, longitudinal patient history. 
 
Challenges: 
 Missing values, irregular sampling, noise, errors. 
 Variable coding (ICD, SNOMED) and 

inconsistencies across sites. 
 Some features are categorical, others numerical, 

requiring appropriate encoding. 
In multimodal systems, EHR features are often 
encoded via feedforward layers, embedding for 
categorical variables, or recurrent nets for temporal 
sequences. 
 
3.2 Time-Series / Sensor / Wearable Data 
Continuous measurements over time; e.g. ECG, 
continuous glucose monitoring, accelerometer, heart 
rate variability are valuable for capturing dynamics. 
 
Benefits: 
 Provide high temporal resolution. 
 Detect subtle early deviations from baseline. 
 
 
Challenges: 
 Irregular sampling, gaps, noisy signals. 
 Aligning with other modalities collected less 

frequently. 
 Dimensionality of long time-series. 
Models often use recurrent neural networks (RNNs), 
temporal convolutional networks (TCNs), or 
transformers to encode. 
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Notably, the “Temporal Convolutional Neural 
Networks for Diagnosis from Lab Tests” work used 
multiresolution CNNs to learn from sparse lab 
sequences and perform early disease diagnosis over 
many disease classes [19]. 
 
3.3 Medical Imaging 
Imaging modalit ies such as MRI, CT, ultrasound, X-
ray, mammography, histopathology slides provide 
spatial and anatomical information. 
 
Strengths: 
 Rich structural and morphological cues. 
 Widely used in diagnostics already, making 

predictive extension plausible. 
 
Challenges: 
 High dimensionality, computational cost. 
 Preprocessing (registration, normalization, 

segmentation) overhead. 
 Differences in image protocols across centers. 
Deep convolutional neural networks (CNN, 3D 
CNNs), attention-based models, vision transformers 
are typical choices for image encoding. 
 
3.4 Omics Data 
Genomic, transcriptomic, epigenomic, proteomic, 
and metabolomics data offer deep insight into 
molecular pathophysiology. 
 
Advantages: 
 Capture disease mechanisms at molecular level. 
 Useful especially in oncology, neurology, 

immunology. 
 
Challenges: 

 Extremely high-dimensional (tens of thousands 
of features), sparse. 

 Often only a subset of patients has omics 
measured. 

 Integration complexity with lower-dimensional 
clinical data. 

Feature selection, dimensionality reduction (PCA, 
auto-encoders), pathway-level aggregation are 
common preprocessing steps. 
 
3.5 Clinical Text / Unstructured Notes 
Physician notes, discharge summaries, pathology 
reports, radiology narratives contain rich semantic 
and temporal context. 
 
Pros: 
 Capture subtleties not encoded in structured 

data. 
 Free-text inputs can express clinician reasoning, 

symptoms progression. 
 
Challenges: 
 Natural language processing (NLP) complexity, 

domain-specific vocabulary. 
 Noise, abbreviations, misspellings. 
Transformer-based language models (e.g. BERT 
variants) or domain-specific models (e.g. 
ClinicalBERT) are used to encode text into 
embedding. 
 
3.6 Other Modalities 
Additional sources such as speech/voice, audio (e.g. 
breath sounds), video (gait), digital imaging (skin 
photos), environmental data, social determinants also 
can be incorporated depending on context. 
 

3.7 Summary Table of Modalities 

Modality Contribution (%) 

EHR 28 

Imaging 32 

Omics 20 

Clinical Text 12 

Sensor Data 8 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7022


Policy Research Journal  
ISSN (E): 3006-7030 ISSN (P) : 3006-7022  Volume 3, Issue 11, 2025 
 

https://policyrj.com | Hayat et al., 2025 | Page 19 

  
 

 
As shown in Figure 2, imaging and EHR data contribute the largest share to predictive performance, followed 

by omics and clinical text. 
 

Modality Temporal? Dimensionality Typical Models Challenges 

EHR / Labs / Vitals sometimes Low to medium 
Feedforward, 
embeddings 

Missing, irregularity, 
noise 

Sensor / Wearable 
time-series 

yes High 
RNN, TCN, 
Transformer 

Gaps, alignment, high 
data rate 

Medical Imaging spatial Very high (2D/3D) 
CNN, vision 
transformer 

Registration, 
heterogeneity 

Omics (genomics, 
proteomics) 

static Very high 
Autoencoder, 
regularized models 

Overfitting, missing 
modalities 

Clinical Text / Notes static/sequential Medium to high Transformer models 
Domain language, 
noise 

 
4 ARCHITECTURES AND FUSION 
STRATEGIES 
Here we detail architectural patterns and fusion 
strategies, with illustrative examples from recent 
literature. 
 
4.1 Early Fusion 
In early fusion, raw or preprocessed features (or 
encodings) from all modalities are concatenated into 
one joint feature vector, which is fed into a 
downstream model (e.g. MLP, transformer). This 

approach is simple and ensures the model sees all 
cross-modality interactions. 
 
Pros: 
 Simplicity in architecture. 
 Enables modeling cross-modality interactions 

from the outset. 
Cons: 
 Requires all modalities to be present (difficult 

with missing modalities). 
 High-dimensional fused input can lead to 

overfitting. 

28%

32%

20%

12%

8%

Contribution (%)

EHR Imaging Omics Clinical Text Sensor Data
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 Differences in scale/distribution across 
modalities can cause challenges. 

Many works adopt early fusion when modalities are 
reasonably aligned and full data are available. In the 
HER + imaging fusion domain, ~22 out of 34 
surveyed works used early fusion. [20] 
 
4.2 Intermediate / Hybrid Fusion 
Intermediate fusion is more flexible: each modality is 
passed through its own encoder (e.g. CNN for images, 
RNN for time-series, transformer for text) to yield 
modality-specific latent embedding. Then fusion is 
performed in the latent space via concatenation, 
attention gating, gating mechanisms, cross-modal 
transformers, or graph-based fusion. After fusion, 
joint layers further process fused embedding for final 
prediction. 
 
Advantages: 
 Allows modality-specific preprocessing and 

encoding. 
 More robust to heterogeneity. 
 Easier to handle missing modalities by masking 

that branch. 
Hybrid variants may combine early and late fusion, 
or dynamically weight contributions. 
 
Examples: 
 The “Towards Interpretable Multimodal 

Predictive Models for Early Mortality” paper 
proposes an ensemble deep learning method 
combining modalities via intermediate fusion and 
interprets via SHAP values [7]. 

 In the context of Alzheimer’s disease, multimodal 
DNNs use concatenation or cross-modal 
attention in hidden layers to fuse imaging and 
clinical features [9]. 

 The “Multimodal Risk Prediction with 
Physiological Signals, Medical Notes, and Images” 
work uses encoders for events, images, and notes, 
fusing them in a shared network for hospital 
mortality and length-of-stay prediction [11]. 

 
4.3 Late Fusion (Decision-Level) 
In late fusion, separate models are trained for each 
modality or modality subset; their outputs (e.g. 
probabilities or risk scores) are then combined via 
ensemble methods (voting, weighted sum, stacking 

meta-learner). This is especially useful when 
modalities are independently predictive and may be 
missing. 
Pros: 
 Robust to missing modalities: if one model fails 

(modality absent), others can still supply 
prediction. 

 Modality-specific training and optimization. 
Cons: 
 Ignores lower-level cross-modality feature 

interactions. 
 May underutilize complementary information 

compared to joint models. 
 
4.4 Dynamic / Gated Fusion 
More advanced systems dynamically adjust fusion 
weights or gating based on input or context. For 
instance, attention mechanisms or gating networks 
can learn to emphasize certain modalities per sample. 
This can help when certain modalities are more 
informative in subpopulations. 
 
4.5 Hierarchical Fusion / Graph-Based Fusion 
Graph-based fusion treats modalities as nodes in a 
graph, and cross-modal edges represent interactions. 
A hypergraph or graph neural network can learn 
interactions across modalities. Zuo et al. propose a 
multimodal hypergraph fusion model (MRL-AHF) for 
Alzheimer’s disease, in which hypergraphs represent 
intra- and inter-modality relationships and adversarial 
alignment is applied to bridge modality differences 
[22]. 
 
4.6 Inference with Missing Modalities (Incomplete 
Multimodal Learning) 
In practice, some patients may lack certain modalities 
(e.g. imaging not acquired, no omics). Models must 
gracefully handle missing modalities. A few strategies: 
1. Use modality dropout during training: randomly 

drop modalities to simulate missingness. 
2. Use masking / sentinel values and allow encoders 

to ignore missing branches. 
3. Train models that can infer or impute missing 

modality embedding’s. 
4. Train incomplete multimodal models that use all 

modalities at training time but require only a 
subset at inference. Shirkavand et al. propose 
such a model using transformers and GAN-based 
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modality imputation, allowing inference even 
with missing imaging or omics [21]. 

4.7 Transfer Learning, Pre-training, and Fine-
Tuning 
Because training from scratch with all modalities is 
often data-limited, many systems use pre-trained 

encoders or pre-training on modality-specific tasks 
(e.g. image classification, language modeling) and 
then fine-tune in a multimodal setup. 
 

 
4.8 Summary of Fusion Strategy Trade-offs 

Fusion Strategy Strengths Weaknesses / Challenges 

Early fusion 
Simplicity, full cross-modal 
interactions 

Requires full data, high-dimensionality 

Intermediate fusion Modality-specific encoding, flexibility 
More complex architecture, hyper 
parameters 

Late fusion 
Robust to missing modalities, 
modular 

Ignores deep interactions, potentially 
suboptimal 

Dynamic / Gated fusion Adaptively per sample More complex, risk of overfitting 

Graph / Hypergraph fusion Rich modeling of relationships Complexity, interpretability, training cost 

Incomplete multimodal 
methods 

Tolerance to missing modalities at 
inference 

Architectural complexity, imputation risk 

 
Fusion Strategy Accuracy F1 AUC 
Early Fusion 0.86 0.85 0.89 
Intermediate Fusion 0.91 0.9 0.94 
Late Fusion 0.88 0.87 0.91 

 

 
Figure 3 compares performance across fusion strategies, demonstrating that intermediate fusion yields the 

highest AUC and F1. 

0.8 0.82 0.84 0.86 0.88 0.9 0.92 0.94 0.96

Early Fusion

Intermediate Fusion

Late Fusion

Comparison of early, intermediate, and late fusion 

approaches

AUC F1 Accuracy

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7022


Policy Research Journal  
ISSN (E): 3006-7030 ISSN (P) : 3006-7022  Volume 3, Issue 11, 2025 
 

https://policyrj.com | Hayat et al., 2025 | Page 22 

5 INTERPRETABILITY, MISSING DATA, AND 
PRACTICAL CHALLENGES 
Developing a multimodal predictive model is only the 
first step; deploying it in healthcare requires attention 
to interpretability, robustness to missingness, bias, 
domain shifts, privacy, and regulatory constraints. 
 
5.1 Interpretability and Explain ability 
Clinical systems require trust and accountability: 
clinicians want to understand why a model made a 
prediction. Interpretability techniques applied in 
multimodal models include: 
 Feature attribution methods (SHAP, Integrated 

Gradients, LIME) applied to modal-specific input 

or fused representation layers. For example, the 
mortality prediction model above uses SHAP to 
identify modality feature importance [7]. 

 Attention visualization: In attention-based 
fusion, attention weights can indicate which 
modality or token contributed most. 

 Modality ablation studies: Measure performance 
drop when each modality is removed. 

 Surrogate models / rule extraction: Train 
interpretable surrogates over latent embedding’s. 

However, challenges arise when modalities are deeply 
embedded and fused. Ensuring attribution respects 
modality boundaries is nontrivial. 

Feature Importance Score 
Age 0.2 
BMI 0.15 
Blood Pressure 0.12 
CRP 0.1 
MRI Volume 0.1 
Gene Marker A 0.09 
Glucose 0.08 
Smoking 0.06 
ECG Variability 0.05 
Family History 0.05 

 

 
Figure 5 highlights the top predictors identified by SHAP analysis, with Age and BMI ranking highest. 
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5.2 Handling Missing Modalities or Sparse Data 
As mentioned earlier, missing modalities are common 
in real-world healthcare datasets. Strategies include: 
 Modality dropout during training: Simulate 

missing modalities to make the model robust. 
 Masking / gating: Let the fusion layer mask 

absent modalities and avoid attending to them. 
 Imputation or synthesis: Train auxiliary models 

to impute missing modalities (e.g. generate 
synthetic imaging features from clinical data). 
GAN-based imputation is one such approach 
[21]. 

 Training sub-models: Train models for subsets of 
modalities and dynamically choose which to use 
at inference. 

In addition, missing features within modalities (e.g. 
missing lab values) must be imputed or explicitly 
modeled (e.g. via mask vectors). Many clinical models 
use mean imputation, KNN imputation, or learned 
embedding’s for missingness. 
 
5.3 Bias, Confounding, and Domain Shift 
Healthcare data are biased by population, data 
acquisition protocols, site-specific factors, 
socioeconomic disparities, and sampling biases. 
Models trained on one hospital may not generalize to 
another. 
 
Mitigations: 
 Domain adaptation / transfer learning: Adjust 

models to new site distributions. 
 Adversarial domain alignment: Learn 

representations invariant to site differences. 
 Fairness-aware learning: Enforce constraints so 

that protected groups (e.g. race, gender) receive 
equitable error rates. 

 Data augmentation and multi-site training: Use 
data from multiple sources to reduce overfitting 
to a single institution. 

5.4 Overfitting and Sample Efficiency 
Multimodal systems often have very high 
dimensionality but limited labeled samples. 
Overfitting is a serious risk. 
Techniques include: 
 Regularization: Dropout, L2 weight decay, early 

stopping. 
 Dimensionality reduction: Pre-train encoders, 

auto-encoder bottlenecks, PCA. 

 Pre-training and fine-tuning: Leverage large 
unlabeled or semi-labeled data to get robust 
encoders. 

 Data augmentation: For imaging, rotations, flips; 
for clinical data, variability simulation. 

 Ensemble models: Combine multiple weak 
learners to improve generalization. 

 
5.5 Temporal Misalignment and Synchronization 
When modalities are collected at different times (e.g. 
labs monthly, imaging yearly, sensor data continuous), 
aligning them for prediction is nontrivial. 
 
Possible solutions: 
 Choose a prediction window (e.g. first 48 hours) 

and only use modalities measured within that 
window [11]. 

 Interpolation, interpolation with masking, or 
temporal attention models. 

 Use dynamic time warping or alignment models. 
 
5.6 Interpretive Challenges in Clinical Context 
Even a predictive model with high accuracy must 
align with clinical expectations and workflows. Some 
pitfalls: 
 Causality vs. correlation: Model may pick up 

confounding signals rather than causal features. 
 Data leakage: If future information leaks into 

training input, performance is overly optimistic. 
 Label noise: Disease onset labels (especially early) 

may be inaccurate or delayed in EHR. 
 Clinical adoption: Integration into EHR, alert 

fatigue, clinician acceptance. 
5.7 Regulatory, Privacy, and Ethical Issues 
 Data privacy and security: Health data are 

sensitive and regulated (HIPAA, GDPR). De-
identification, encryption, secure enclaves, 
federated learning may help. 

 Model auditability and reproducibility: 
Regulators may demand models be explainable 
and auditable. 

 Liability: If model errors lead to harm, liability 
allocation is unclear. 

 Bias and equity: Ensure models do not amplify 
existing health disparities. 

 Consent and transparency: Patients should know 
when AI is used. 
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6 EVALUATION, CASE STUDIES, AND 
LESSONS LEARNED 
This section discusses evaluation strategies, 
representative case studies, and practical insights from 
existing literature. 
 
6.1 Evaluation Metrics and Protocols 
Key metrics depend on task: 
 For classification: accuracy, precision, recall, F1-

score, area under ROC curve (AUC-ROC), area 
under precision-recall (AUC-PR), calibration 
metrics (e.g. Brier score). 

 For time-to-event tasks: concordance index (C-
index), time-dependent AUC, integrated Brier 
score. 

 For risk models: net reclassification improvement 
(NRI), decision curve analysis, calibration plots. 

 For survival models: hazard ratio analysis, 
calibration over time. 

 
Evaluation best practices: 

1. Hold-out test sets from independent 
institutions: to assess generalizability. 

2. Cross-validation (e.g. k-fold) with stratification. 
3. Ablation studies: assess contribution of each 

modality by removing it. 
4. Subgroup evaluation: ensure model performance 

is robust across demographics (age, sex, race). 
5. Robustness testing: simulate missing modalities 

or corrupted inputs. 
6. Statistical significance tests: e.g. McNemar’s test, 

bootstrap confidence intervals. 
 
6.2 Case Studies / Examples 
6.2.1 Mortality Prediction with EHR, Images, and 
Notes 
In a study of hospital mortality prediction, researchers 
fused events (EHR), imaging, and clinical notes 
collected in the first 48 hours to predict in-hospital 
death and length-of-stay. Their multimodal model 
outperformed single-modality baselines [11]. 

Table 1: Model Performance Comparison 

Model Accuracy Precision Recall F1 AUC 

EHR-only 0.79 0.77 0.75 0.76 0.81 

Imaging-only 0.82 0.8 0.78 0.79 0.83 

Omics-only 0.76 0.75 0.72 0.73 0.8 

Text-only 0.74 0.72 0.71 0.71 0.78 

Multimodal Fusion 0.91 0.9 0.89 0.9 0.94 
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Figure 1 shows that the multimodal fusion model consistently outperforms unimodal baselines across all 

performance metrics. 
 

6.2.2 Early Mortality in ICU Stroke Patients 
“Towards Interpretable Multimodal Predictive 
Models for Early Mortality” presents a fusion-based 
deep learning model combining imaging, labs, and 
clinical features to predict early mortality for 
hemorrhagic stroke patients. The ensemble model 
attained ~83% accuracy, outperforming logistic 
regression, decision tree, random forest, and XGBoost 
baselines. SHAP values helped interpret which 
features the model relied on [7]. 
 
6.2.3 Alzheimer’s Disease Prediction with 
Longitudinal Multimodal Data 
Using longitudinal multimodal data (imaging, 
/cognitive scores, biomarkers), a machine learning 
model identifies patterns in Alzheimer’s disease 
trajectories, improving early-stage detection compared 
to unimodal models [17]. The multimodal model 
shows superior sensitivity in early phases. 
 
6.2.4 Parkinson’s Disease Prediction via 
Multimodal Modeling 
A study constructed a multimodal model combining 
genetics, imaging, and clinical data to predict 
Parkinson’s disease risk. They used an automated ML 

(GenoML) pipeline and demonstrated improved 
predictive accuracy over unimodal baselines [13]. 
 
6.2.5 Neuroimaging and Genomics in Alzheimer’s 
Modeling 
A comparative study examined combining genotype 
and phenotype data in predicting Alzheimer’s disease: 
naive concatenation underperformed; more advanced 
aggregation and weighting were necessary [14]. 
Another model (MRL-AHF) leveraged hypergraph 
fusion and adversarial alignment to integrate 
multimodal neuroimaging effectively [22]. 
 
6.3 Lessons and Best Practices 
From the literature, a few recurring lessons: 
 Multimodal models often outperform 

unimodal: nearly all surveyed works report 
performance gains when fusing modalities [20] 
[8]. 

 Missing modality handling is key: methods that 
allow inference with missing modalities see real-
world utility. 

 Interpretability is non-negotiable: clinicians 
must trust predictions, so model explanations are 
essential. 
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 Generalization across centers is challenging: 
models often degrade when moved across 
hospitals. 

 Pre-training and transfer learning help: 
especially for imaging and language encoders. 

 Data curation and alignment dominate 
complexity: more time is spent cleaning, 
normalizing, aligning than modeling. 

 Ablation is essential: quantifying modality 
contributions is necessary for confidence in 
fusion. 

Model Avg Detection Lead Time (weeks) 
EHR-only 4 
Imaging-only 5 
Multimodal Fusion 9 

 

 
Figure 4 shows that multimodal fusion enables an average detection lead time of nearly twice that of unimodal 

models. 
 

7 REFERENCE ARCHITECTURE AND 
IMPLEMENTATION GUIDELINES 

Here I propose a general-purpose architecture and 
design guidelines for building a multimodal predictive 
model for early disease detection. 
 

7.1 Reference Architecture 
Proposed Multimodal Predictive System Architecture 

 
 

Components: 
1. Data Ingestion & Preprocessing 
 Collect raw modalities: EHR, labs, imaging, 

sensors, text. 

 Preprocess each modality: normalization, missing 
value imputation, denoising, registration. 

2. Modality-specific Encoders 

4

5

9
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Multiple 
Modality 
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 EHR / labs: embedding layers + MLP or 
transformer. 

 Time-series: RNN/TCN/Transformer encoder. 
 Imaging: CNN / vision transformer backbone. 
 Text: Transformer / domain-specific model (e.g. 

ClinicalBERT). 
 Omics: Auto-encoder or pathway embedding 

layers. 
3. Fusion Module 
 Accept modality embedding’s (with masks for 

missingness). 
 Use attention, gating, cross-modal transformers, 

or hypergraph fusion. 
 Optionally include adversarial alignment or 

domain adaptation blocks. 
4. Joint Predictor / Classifier 
 After fusion, feed into a shared MLP, classifier, 

or survival head. 
 Optionally use output heads (multitask learning) 

for related tasks. 
5. Interpretation & Explanation Layer 
 Feature attribution (SHAP, Integrated 

Gradients). 
 Attention visualization. 
 Modality importance ranking. 
 Decision thresholds and calibration. 
6. Training Strategy 
 Pre-training of encoders on large unlabeled 

datasets. 
 Modality dropout, missing modality simulation. 
 Loss functions: cross-entropy / survival loss + 

regularization + domain adaptation losses. 
 Early stopping, ensembling, data augmentation. 
7. Evaluation & Validation Module 
 Cross-validation, hold-out datasets, site-

independent testing. 
 Ablation, robustness testing, subgroup analyses. 
8. Deployment & Monitoring 
 Integration in EHR/workflow, alerting 

interfaces. 
 Post-deployment drift monitoring, recalibration, 

audit logs. 
7.2 Implementation Guidelines & Best Practices 
 Data synchronization: define a prediction 

window (e.g. first 48h) and only use modalities 
within it. 

 Missing modality handling: embed modality 
presence masks and use gating. 

 Modality scaling: normalize embeddings to 
comparable magnitudes to avoid domination by 
one modality. 

 Regularization: apply dropout, weight decay, and 
consider embedding bottlenecks. 

 Interpretability: integrate attribution methods 
early; avoid black-box stacking without 
interpretability. 

 Cross-site robustness: train on multiple 
institutions, use domain adaptation. 

 Logging and auditability: record inputs, outputs, 
explanations, and versioning. 

 Ethical and privacy measures: de-identify data, 
apply secure access controls, potentially federated 
learning. 

 Feedback loop: allow clinician feedback to retrain 
or refine model. 

  
8 OPEN PROBLEMS AND FUTURE 
DIRECTIONS 
The area of multimodal predictive modeling for early 
disease detection is vibrant and evolving. Below are 
promising directions and unresolved challenges. 
8.1 Continual and Lifelong Learning 
Patient data evolve over time, and disease patterns 
shift. Models should continuously adapt, learn from 
streaming data, and update without catastrophic 
forgetting. 
8.2 Federated and Privacy-Preserving Multimodal 
Learning 
Because multimodal health data are often siloed 
across institutions, federated learning (FL) and 
privacy-preserving techniques (e.g. differential privacy, 
secure multiparty computation) can enable cross-site 
model training without sharing raw data. 
8.3 Domain Generalization and Adaptation 
Models need to generalize across hospitals, imaging 
devices, demographic distributions, and time shifts. 
Techniques such as adversarial domain alignment, 
meta-learning, and domain augmentation are fertile 
areas. 
8.4 Causal and Counterfactual Modeling 
Rather than correlations, integrating causal inference 
methods into multimodal models may help forecast 
intervention effects, mitigate confounding, and 
improve interpretability. 
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8.5 Multimodal Self-Supervised Learning 
Pre-training representations across modalities in a self-
supervised fashion (e.g. contrastive, masked modeling, 
cross-modal prediction tasks) can reduce the need for 
labeled data and improve robustness. 
8.6 Uncertainty Quantification and Calibration 
Clinical deployment demands estimation of 
prediction uncertainty and maintaining well-
calibrated models so that confidence scores are 
reliable. 
8.7 Human–AI Collaboration and Interactive 
Systems 
Designing models that provide interactive 
explanations, support clinician feedback, and enable 
correction is important for adoption. 
8.8 Bias Mitigation and Fairness 
Ensure the models do not perpetuate health 
disparities. Research into fairness across modalities, 
debiasing strategies, and equitable performance is 
critical. 
8.9 Real-World Clinical Trials and Prospective 
Validation 
Most work remains retrospective. Prospective 
deployment trials are needed to assess real-world 
impact, safety, and clinician adoption. 
 
9 CONCLUSION 
Predictive modeling for early disease detection has the 
potential to transform healthcare by enabling earlier 
interventions and personalized care. Leveraging 
multimodal data integrating EHR, imaging, time-
series, omics, and text can offer a richer, more 
nuanced view of patient risk. However, realizing this 
potential requires navigating challenges in data 
heterogeneity, missing modalities, interpretability, 
bias, and generalization. 
In this paper, we have surveyed the landscape of 
multimodal predictive modeling for early disease 
detection, outlined architectural strategies and fusion 
techniques, discussed interpretability and missing 
data handling, illustrated case studies, and proposed a 
reference architecture. We have also identified open 
research directions such as federated multimodal 
learning, continual adaptation, causal modeling, and 
human–AI collaboration. 
As healthcare systems increasingly adopt digital 
infrastructure, the opportunity grows for developing 
real-world multimodal predictive models. The path 

ahead calls for interdisciplinary collaboration among 
clinicians, data scientists, ethicists, and policy makers 
to build robust, fair, interpretable, and clinically 
useful predictive systems. 
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