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Abstract 

The cornerstone of effective patient care is an accurate and, even more 

importantly, timely diagnosis. There is a growing body of evidence which shows 

more and more the truth of the statement that the combination of different data 

sources—clinical narratives, laboratory assays, and imaging—produces better 

results than single-source diagnostic approaches. This paper presents a review of 

29 peer-reviewed studies. They include classics in machine learning (SVM, 

Random Forest), deep learning models (CNNs, Transformer variations), and 

multimodal fusion techniques (early, late, attention-based). Furthermore, an 

integrated perspective is provided by examining contemporary clinical decision-

support systems and near-real-time prediction models like MUFASA. Reported 

performance across studies varies significantly, with accuracy ranging from 

61.9% to 99% and AUC values from 0.65 to 0.99 depending on dataset 

characteristics and modeling approaches. In spite of this, a few obstacles still 

remain: the issues of interpretability, the need for powerful computing, and the 

challenge of deployment. The review highlights key challenges and design 

considerations for explainable multimodal diagnostic systems, including the role 

of embedding-based representations, retrieval mechanisms, and feature 

engineering strategies reported across prior studies. It also summarizes recent 

advances, evaluates performance metrics and limitations, and identifies key 

challenges including interpretability, data heterogeneity, and clinical deployment 

constraints.  
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1 Introduction 

Accurate and most importantly timely diagnosis is essential for better patient care. But 
clinicians often make decisions with incomplete data, heterogeneous formats, and cog-
nitive shortcuts that increase the risk of error. Traditional experience- or rule-based 
approaches can miss subtle cross-modal signals that emerge when textual notes, labs, 
and images are analyzed together. Recent AI advances enable the joint modeling of 
these heterogeneous sources, providing opportunities to increase diagnostic consistency 
and reduce oversight. 

Models that fuse multiple modalities generally surpass single-modality systems. 
Several studies report about a 6.4% uplift in AUC when text, laboratory, and imaging 
features are combined, and some task-specific evaluations report AUCs as high as 0.99. 
Despite these gains, many methods remain hard to interpret, are computationally heavy, 
and are difficult to scale across many diseases. This review collates 29 peer-reviewed 
works on ML and DL for clinical diagnosis with an emphasis on multimodal fusion and 
clinical decision support, and it integrates findings from 2024–2025. The review incor-
porates recent advances , evaluates key performance metrics and limitations of the var-
ious models that make use of multiple modalities to make predictions. 

2 Review Methodology 

To ensure the coverage of this review is both representative and reproducible, literature 
was sourced from PubMed/MEDLINE, IEEE Xplore, Scopus, and ACM Digital Li-
brary. Searches combined terms such as "multimodal fusion” and “disease diagnosis", 
"EHR”, “deep learning” ,“multimodal" and "clinical decision support AND machine 
learning", spanning January 2017 to March 2025 with particular attention to post-2020 
work where methodological advances have been most rapid. 

Papers were considered for inclusion if they were peer-reviewed, engaged with ML or 
DL approaches in a clinical diagnostic context, and drew on at least one data modality 
— whether imaging, free text, laboratory values, EHR records, or genomic signals. A 
reported quantitative outcome (AUC, accuracy, or F1-score) was also required to allow 
meaningful cross-study comparison. Works without primary experimental results or 
with metrics too heterogeneous for comparison were set aside. This process converged 
on 29 studies, whose methods and findings cover the pipeline components summarized 
in Table 1. 

3 Literature Review 

The combination of deep learning and multimodal fusion methods has created measur-
able advantages for automated diagnosis , prognosis and clinical decision support 
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systems. All studies demonstrate that when different types of data which include clini-
cal free text and structured EHR lab values and medical imaging CT and MRI and PET 
and genomics and physiological waveforms are analyzed together instead of separate 
analysis the results show better outcomes [1]–[6], [8]. Xu’s comprehensive survey 
synthesizes results across Alzheimer’s disease, breast cancer, depression, 
cardiovascular conditions, and epilepsy, reporting application-level AUCs and 
accuracies that often approach clinician-grade performance (for example, Alzheimer’s 
AUCs 0.939–0.976; accuracy up to 98.85%) and highlighting deep learning, transfer 
learning, and attention mechanisms as primary performance drivers [1]. Ye and Tang’s 
meta-survey of Medical Large Multimodal Models (MLLMs) corroborates these trends 
and further documents MLLM architectures that stack modality encoders with 
alignment/adapter layers and LLM cores to produce zero- or few-shot diagnostic 
inferences; however, they also emphasize recurring issues of hallucination and fairness 
gaps that remain unresolved even in high-performing systems [2]. 

Conceptual taxonomies orienting fusion research have clarified where evidence and 
gaps lie. Shaik and Tao adapt the DIKW (Data–Information– Knowledge–Wisdom) 
model to multimodal fusion, mapping algorithmic choices (feature selection, rule-based 

Fig. 1.  General Workflow of Multimodal Fusion Disease Prediction Systems 

systems, classical ML, deep learning, and NLP) to cognitive layers and explicitly cata-
loguing practical challenges—data quality, privacy, processing complexity, clinical in-
tegration, ethics, and interpretation [3]. Kline’s scoping review of 128 precision-health 
fusion studies found early (data-level) fusion to be the most prevalent approach (~60% 
of studies) and quantified an average 6.4% gain in predictive performance over 
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unimodal baselines, while drawing attention to a consistent translational deficit (few 
external validations, sparse clinical deployment) [4]. At the methodological level, lit-
erature distinguishes a spectrum of fusion strategies with characteristic trade-offs. Op-
eration- and subspace-based methods, attention mechanisms, tensor/bilinear pooling, 
and graph-based learning each have different strengths in modeling cross-modal inter-
actions [4]. Decision-level (late) fusion is relatively robust to uneven modality quality 
and missing inputs but captures fewer cross-modal interactions; feature level fusion 
(concatenation, attention, bilinear/tensor methods, graph fusion) preserves richer inter-
modal structure and supports fine-grained cross-modal attention at the cost of increased 
modeling complexity and data requirements [4], [15]. Preprocessing is modality spe-
cific: patch- or tile-based extraction and pretrained CNNs for whole-slide or radiology 
imaging, transformer or BiLSTM pipelines for clinical narratives, autoencoders or di-
mensionality reduction for tabular features, and explicit imputation or dropout strate-
gies to handle missing modalities. Several works emphasize that rigorous normaliza-
tion, correlation filtering, and feature-selection pipelines substantially improve robust-
ness and external validity structured-data models [17]–[20].Practical data-ingestion and 
vision–language pipelines illustrate end-to-end multimodal gains beyond model archi-
tecture. Schäfer designed a VLM pipeline that combines YOLOv8 checkbox detection, 
barcode decoding, and VLM prompting (Pixtral-LargeInstruct) to extract transfusion-
report content from scanned forms, achieving ~92% accuracy and F1 scores above 
0.91—substantially outperforming OCR-plus-string-matching baselines and demon-
strating robustness to faint or degraded marks [23]. 

Despite these improvements, several practical and technical challenges limit clinical 
translation. Generalizability is a persistent worry: many models are trained and evalu-
ated on single-center or curated datasets, which constrains performance when applied 
to new institutions or populations [1],[4],[5].Heterogeneous reporting (AUC, F1, accu-
racy, etc.) complicates fair comparisons [1], [4]. Fairness and subgroup evaluations are 
sporadic, creating risks of biased outcomes across demographic groups [1]–[3]. Rare 
diseases remain difficult to predict reliably even with advanced methods [1], [4]. While 
cross-modal transformers and attention schemes are promising[16][17] many imple-
mentations still fall back on simple concatenation and therefore miss subtler inter-
modal patterns. Additionally, most systems lack integration with clinical workflows; 
limited clinician feedback reduces usability and trust [3], [4].  

Overall, however, the literature consistently reports that multimodal architectures 
often boost performance (commonly 5–10% gains in AUC or F1), especially when they 
employ attention, transformer backbones, or graph embeddings to align modal repre-
sentations. Moving these advances into routine care will require standardized evalua-
tions, shared benchmarks, and closer clinician collaboration. 

4 Discussion 

A comparative analysis of the reviewed studies, summarized in Table 1, highlights that 
pipeline component selection plays a decisive role in determining the overall diagnostic 
accuracy and reliability of multimodal systems. 
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Table 1.   Comparison of methodologies in Multimodal Disease Prediction Pipeline  

References 
Pipeline Compo-

nent 
Methodology 

Performance 
Range 

Relevance 

[1] 
Symptom Text 

Embedding 
TF–IDF / Rule-

based 
Accuracy 70%–

82% 

Reports baseline performance of rule-based 
and TF-IDF approaches for clinical text 
processing in multimodal diagnostic sys-

tems. 

[10] 
Multimodal Rep-

resentation 
Learning 

Cross-modal 
Transformer 

High diagnostic 
performance re-

ported across 
tasks 

Demonstrates effectiveness of transformer-
based cross-modal representations for inte-

grating textual and imaging features in diag-
nosis. 

[12] 
Multimodal Rep-

resentation 
Learning 

Deep Ensemble AUC 0.90–0.94 
Shows improved representation learning us-
ing deep ensemble and multimodal feature 

integration techniques. 

[15] 
Lab Data  

Normalization 
Raw Values AUC 0.78–0.85 

Reports that structured clinical features can 
be used directly, though performance is lim-

ited without normalization. 

[5] 
Lab Data  

Normalization 
Z-Score Standard-

ization 
AUC 0.94–0.96 

Demonstrates importance of feature scaling 
and preprocessing in radiomic classification 

Improved per-
Discusses statistical normalization and simi-

[1] 
Normalization 

Lab Data  
malization 

Statistical Nor-
ported across 

multiple studies 
Improved per-

formance re-
larity-based transformations for handling 

heterogeneous clinical variables. 

[13] 
Multimodal Fu-

sion Strategy 

Neural Architec-
ture Search-based 

Fusion 

formance over 
baseline multi-
modal models 

Demonstrates neural architecture search-
based optimization for multimodal EHR fu-

sion. 

[20] 
Feature  

Interaction 
Manual Interac-

tion Terms 
AUC 0.89–0.93 

Uses engineered radiomic feature correla-
tions to improve predictive performance. 

[22] 
Feature  

Interaction 

BiLSTM-based 
Multimodal Fu-

sion 

F1-score 0.74–
0.78 

Demonstrates multimodal temporal–text fu-
sion using sequence models such as 

BiLSTM. 

[17] 
Feature  

Interaction 

Attention-based 
Multimodal Fu-

sion 
AUC 0.95–0.97 

Shows that attention-based multimodal fu-
sion improves interaction modeling across 

modalities. 

[1] 
Candidate  
Retrieval 

Full Database 
Scan 

Latency high; 
recall not appli-

cable 

Describes similarity-based matching ap-
proaches used in traditional systems. 

[11] 
Multimodal Fu-

sion Strategy 
Multimodal Fu-

sion 

Improved pre-
dictive perfor-
mance reported 

Demonstrates graph-based similarity learn-
ing for efficient multimodal prediction. 
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Table 1.  Comparison of methodologies in Multimodal Disease Prediction Pipeline (Continued) 

References 
Pipeline Compo-

nent 
Methodology 

Performance 
Range 

Relevance 

[1] 
Prediction 

Model 
Support Vector 

Machine 
AUC 0.84–0.92 

Highlights generalizable prediction-model 
performance ranges that guide expected di-

agnostic reliability. 

[5] 
Prediction 

Model 
Random Forest 

Accuracy 88%–
98.85%; 

Demonstrates effectiveness of tree-based 
models in medical classification tasks 

[1] 
Prediction 

Model 
XGBoost 

Accuracy 90%-
96% 

Summarizes the comprehensive fusion-
model architectures that inform the overall 

structure of prediction models. 

[10] Explainability 
Attention-based 
Interpretability 

Improved inter-
pretability 

demonstrated 

Demonstrates interpretability through atten-
tion mechanisms in multimodal models. 

Across the reviewed literature, methods have shifted from rule-based and hand-
crafted feature systems toward context-aware embeddings, systematic feature engineer-
ing, attention-based cross-modal interactions, and ensembles that together enhance ac-
curacy and interpretability. The largest improvements tend to occur in systems that 
combine transformer-based embeddings, reference-range or z-score normalization, at-
tention-guided fusion between modalities, ensemble learners, and SHAP-style inter-
pretability tools; such combinations both raise predictive performance and offer expla-
nations clinicians can act upon. 

In the case of symptom-text representation, the traditional TF-IDF method and rule-
based encoders establish acceptable baselines of about 70-82% accuracy, usually but 
their performance does not include capturing the detailed context of the clinical narra-
tives. Among the deep contextual models, Transformer-based contextual embedding 
models have been reported to capture richer semantic relationships in clinical text com-
pared to traditional approaches, leading to improved performance in multimodal diag-
nostic tasks.. 

Z-score standardization is consistently reported to improve model performance - as 
it neutralizes the discrepancies of feature magnitudes among patients - which are cal-
culated as shown in (equation 1) [1][5]. 

  𝒛𝒊 =
𝒙𝒊 − 𝝁𝒊

𝝈𝒊

                                                             (1) 

Literature discusses statistical normalization approaches, including deviation-based 
transformations such as Δz-score combined with Gaussian similarity. This method is 
able to recognize deviations that have biological significance rather than just detect 
absolute values. The expected physiological norms deviation is measured in the manner 
shown (equation 2)[1]. 
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 𝚫𝐳 =∣ 𝐳𝐢
(patient)

− 𝐳𝐢
(reference)

∣                                      (2) 

This deviation is then transformed into a continuous similarity score using a Gauss-
ian kernel (equation 3)[1]. 

  𝐒𝐢 = 𝐞𝐱 𝐩 (−
(𝚫𝐳)𝟐

𝟐𝛔𝐠
𝟐 )                                                (3) 

Such formulations has been reported in prior studies to provide improved robustness 
as it smooth extreme variations, lower the sensitivity to the outlier data points, and 
maintain the gradients that are clinically relevant.  

In feature-interaction modeling, traditional methods relying on raw concatenation or 
manual interaction terms show limited performance since they cannot capture the com-
plex relationships across modalities. Polynomial expansions give some degree of im-
provement but lead to sparsity and overfitting. Several studies report improved perfor-
mance using attention-guided interaction layers that dynamically weigh the influences 
between features[19]. The interaction weights are computed using standard atten-
tion(equation 4) : 

  𝜶𝒊𝒋 = softmax(𝒒𝒊
T𝒌𝒋)                                                  (4) 

The resulting attention distribution is then used to construct interaction-aware fea-
ture representations as shown in equation 5 [19]. 

  𝒉𝒊 = ∑ ±

𝒋

𝜶𝒊𝒋𝒗𝒋                                                           (5) 

This process enables the model to uncover automatically clinically relevant depend-
encies—like the connection between imaging features, lab results, and reported symp-
toms—without the need for manual adjustment. 

 The candidate-retrieval phase shows a very distinct difference between conven-
tional and modern approaches. Doing a full-database scan guarantees the result is cor-
rect, but it is very costly in terms of computation. On the other hand, the use of FAISS 
for approximate nearest-neighbor retrieval has been able to achieve over 95% recall 
consistently while at the same time cutting down the computation time remarkably. 
FAISS utilizes product quantization for embedding compression [11] : 

  𝒆̂ = PQ(𝒆)                                                              (6) 

Then , a Similarity Search is performed using distance comparisons in this quantized 
space: 
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  argmin
𝒋
  = ∥ 𝒆̂ − 𝒆Ĵ ∥𝟐                                                  (7) 

The synergy of quantization and efficient indexing allows for the recovery of large 
amounts of data without any loss in quality, indicating FAISS effectiveness as a scala-
ble candidate retrieval approach in multimodal systems. [11].  

Finally, the predictions of the model performance through the different studies show 
that linear regression and SVMs, as methods useful for comparison purposes only, 
hardly get over the accuracy level of high - 80% because of their capacity limitation in 
modeling multimodal and nonlinear interactions. Several studies report high predictive 
accuracy (around 92–95%) using hybrid ensemble models made by integrating deep 
networks for unstructured modalities (like language or imaging data) with tree-based 
learners like Random Forests for structured lab or radiomic features[5],[10]. These 
models mostly combine predictions by means of a weighted average as shown in equa-
tion 8. 

  𝒚̂ = 𝝀 𝒇DL(𝒙) + (𝟏 − 𝝀) 𝒇RF(𝒙)                                      (8) 

    Several studies report that hybrid approaches combining deep learning models for 
unstructured data with tree-based methods for structured variables can improve predic-
tive stability across different datasets.. 

The reviewed literature suggests that multimodal pipelines incorporating context-
aware embeddings, feature engineering, and interaction modeling show strong potential 
for improving diagnostic performance. 

5 Future Scope 

Future research in multimodal disease diagnosis is increasingly focused on developing 
more explainable and scalable diagnostic frameworks. The research shows that embed-
ding-based representations and efficient retrieval systems and calibrated prediction 
models together work to enhance both system performance and their ability to be un-
derstood. A key direction involves improving generalizability through multi-center data 
integration and standardized evaluation protocols, as highlighted in “A Comprehensive 
Review on Synergy of Multi-Modal Data and AI Technologies in Medical Diagnosis” 
[1] and similar scoping reviews [4]. The development of multimodal transformer archi-
tectures together with neural architecture search methods will produce more efficient 
models that can seamlessly adapt to various tasks. Approaches such as MUFASA fur-
ther illustrate the potential of architecture optimization in multimodal EHR fusion [13]. 
The research field needs to improve explainability through three methods which include 
uncertainty quantification , attention mechanisms and counterfactual explanations. The 
system requires bias evaluation together with clinician-in-the-loop feedback mecha-
nisms because these elements establish safe and reliable conditions for clinical deploy-
ment [3][4]. 
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6 Conclusions 

Taken together, the 29 reviewed studies confirm that combining clinical text, laboratory 
values, and imaging data consistently outperforms single-modality approaches, but they 
also expose recurring weaknesses the field has been slow to resolve. The use of differ-
ent evaluation metrics across studies creates challenges for conducting fair study com-
parisons and the complete lack of multi-center testing results requires researchers to 
treat performance data with extreme caution. The pipeline components examined here 
— symptom embedding, lab normalization, feature interaction, ensemble modeling, 
and interpretability tools — represent the current state of practice rather than a solved 
framework. The main challenge which researchers must solve in their future work con-
sists of establishing an accurate and interpretable connection between clinical symptom 
descriptions and laboratory test results which medical practitioners can use in their eve-
ryday clinical work. 
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