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ABSTRACT

Modern biology generates data across fundamentally different modalities -- molecular sequences, cellular images,
electronic health records, medical imaging, wearable sensor streams, environmental measurements -- each capturing
different aspects of biological systems. Integrating these heterogeneous data types into coherent predictive models
remains a central computational challenge, particularly when modalities have different sample sizes, noise
characteristics, missing patterns, and semantic interpretations. Early fusion (feature concatenation) performs poorly due
to modality-specific preprocessing requirements; late fusion (ensemble of modality-specific models) misses cross-modal
interactions; and mid-level fusion approaches face the challenge of finding appropriate shared representation spaces.
This study developed and benchmarked six multi-modal biological data fusion approaches -- feature concatenation (early
fusion), late fusion ensemble, canonical correlation analysis (CCA), multi-modal variational autoencoder (MMVAE),
attention-based multi-modal transformer (MuMoT), and a proposed Cross-Modal Biological Fusion Network (CMBFN)
combining modality-specific foundation model encoders (ESM-2 for proteins, CLIP for images, DNABERT-2 for
sequences, BERT for text), cross-modal attention with modality dropout for robustness, contrastive pre-training on paired
biological data, and uncertainty-aware late fusion -- across four cross-modal biology tasks: drug response prediction from
chemical structure + gene expression (GDSC, 986 cell lines x 198 drugs), disease phenotype classification from imaging
+ clinical records (UK Biobank, 42,800 subjects, cardiac MRI + EHR), protein function prediction from sequence +
structure + literature (UniProt, 48,600 proteins), and COVID-19 outcome prediction from chest CT + laboratory values +
clinical notes (multi-centre cohort, 12,400 patients). CMBFN achieved the highest performance across all tasks: drug
response AUROC 0.868 (vs MMVAE 0.806, concatenation 0.762; p < 0.001), disease classification F1 0.924 (vs MuMoT
0.884, late fusion 0.826), protein function F1 0.902 (vs best single-modality 0.848), and COVID outcome AUROC 0.912
(vs CT-only 0.842, clinical-only 0.856). These results establish foundation model-enabled cross-modal fusion as the
state-of-the-art for biological data integration.
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1. Introduction

The digital transformation of biomedicine has
produced an explosion of heterogeneous data:
genomic sequences from 30+ million individuals,
electronic health records spanning billions of
clinical encounters, medical images from hundreds
of millions of patients, wearable sensor streams
from smartphones and smartwatches, and
environmental measurements from connected
devices. Each data type captures a different facet
of human biology and disease -- genomics reveals
inherited predisposition, imaging shows
anatomical and pathological changes, clinical
records document disease progression and
treatment, sensors track physiological state, and
environmental data capture exposures driving
disease risk. Maximal biological and clinical
insight requires integration across these
modalities, yet each modality presents distinct
computational challenges: different data types,
scales, dimensions, sampling rates, and missing
patterns (Acosta et al., 2022).

1.1 The Multi-Modal Fusion Challenge
Biological data fusion faces three fundamental
challenges. First, heterogeneity: modalities differ
in data type (continuous vs discrete, 1D vs 2D vs
3D, structured vs unstructured text) and
appropriate representations (sequence
embeddings for proteins, CNN features for
images, attention over tokens for text). No single
preprocessing pipeline or model architecture
optimally handles all modalities. Second,
alignment: different modalities have different
sample sizes (genomics data exists for 500K UK
Biobank subjects but cardiac MRI for only 100K),
different missing patterns (some patients have
imaging, some have genomics, some have both),
and different temporal resolutions (genomic
variants are static while vital signs change
second-by-second). Third, cross-modal semantic
gap: the 'meaning' of features differs between
modalities -- a gene variant and an MRI feature
both contribute to disease but through entirely
different biological mechanisms that must be
learned jointly (Baltrusaitis et al., 2019).

1.2 Foundation Models and Cross-Modal
Learning

The emergence of foundation models -- large
pre-trained models that learn general
representations transferable across tasks -- has
transformed multi-modal AI. In general domain:
CLIP (Radford et al., 2021) learned joint
image-text  representations via  contrastive
pre-training on 400M image-caption pairs,

enabling zero-shot image classification by text
description. GPT-4V and similar vision-language
models demonstrate sophisticated multi-modal
understanding across images, text, and structured
data. In biology: ESM-2 for proteins (Lin et al.,
2023), DNABERT for DNA sequences (Ji et al.,
2021), and BioBERT for biomedical text (Lee et al.,
2020) provide modality-specific foundations.
Med-PalLM and radiology-specific vision-language
models extend these principles to medical
imaging. However, integrating biology-specific
foundation models into unified cross-modal
systems remains an active research area, with no
standard architecture established (Moor et al.,
2023).

1.3 Study Objectives

This study aimed to: (i) develop CMBFN, a
cross-modal biological fusion network integrating
multiple domain-specific foundation models; (ii)
benchmark against five established fusion
approaches across four biological tasks; (iii)
evaluate robustness to missing modalities
(common in clinical reality); (iv) quantify the value
of cross-modal integration versus best single
modality; and (v) demonstrate contrastive
pre-training benefits for biomedical data fusion.

2. Literature Review

Multi-modal learning has evolved from simple
feature concatenation to sophisticated
architectures that learn modality-specific encoders
with cross-modal attention.

2.1 Classical Fusion Strategies

Early fusion concatenates features from all
modalities into a single vector processed by a
unified model. Simple and computationally
efficient, early fusion fails when modalities have
different dimensionalities, scales, or statistical
properties -- the dominant modality drowns out
weaker signals, and noise in one modality
contaminates others. Late fusion trains separate
models per modality and combines predictions by
voting, averaging, or stacking. Late fusion handles
heterogeneity well and provides modality-specific
interpretability but misses cross-modal
interactions where the joint effect of modalities
exceeds the sum of parts. Canonical correlation
analysis (CCA, Hotelling 1936) finds linear
projections of two modalities that maximally
correlate, capturing shared variation but not
nonlinear relationships; deep CCA (Andrew et al.,
2013) extends to nonlinear projections but scales
poorly beyond 2 modalities (Akbari et al., 2021).
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2.2 Deep Multi-Modal Fusion

Multi-modal variational autoencoders (MMVAE)
learn shared latent representations by
reconstructing multiple modalities from a unified
latent code, with modality-specific encoders and
decoders. MMVAEs handle missing modalities
gracefully (decode available modalities from
partially observed latent) but struggle with
complex modality relationships. Attention-based
multi-modal transformers (MuMoT, Tsai et al.,
2019) use cross-modal attention to allow each
modality to attend to relevant features in other

modalities, capturing fine-grained cross-modal
interactions. Vision-language pre-training
approaches (CLIP, ALIGN, Florence) wuse

contrastive learning on massive paired datasets to
align modality-specific embedding spaces without
requiring task-specific labels, enabling transfer to
downstream tasks with limited supervised data.
These approaches have been adapted to medical
imaging + radiology report pairs (MedCLIP,
BiomedCLIP) but biological data-specific
foundation models remain underdeveloped.

2.3 Biomedical Multi-Modal Applications
Biomedical applications have demonstrated the
value of multi-modal fusion. For drug response
prediction, combining chemical structure (graph
neural networks on molecular structure) with gene
expression (cellular transcriptome) improves IC50
prediction accuracy by 15-25% over either
modality alone (Sharifi-Noghabi et al., 2019). For
disease prediction, multi-modal models combining
cardiac MRI, ECG, genomics, and clinical data in
UK Biobank improved -cardiovascular event
prediction AUROC from 0.78 (clinical alone) to
0.86 (multi-modal) (Ouyang et al., 2023). In
oncology, combining histopathology images with
genomic data improves cancer subtyping and
survival prediction (Chen et al., 2022). Despite
these  successes, fusion methods remain
application-specific, and systematic benchmarking
of fusion strategies across diverse biomedical
tasks is limited.

Table 1. Multi-modal fusion approaches
evaluated: fusion strategy, architecture, and
handling of missing modalities

Appr Fusio Archite Foun Missi Reference
oach n Stra cture datio ngM

tegy n Mo odali

dels ty

Late Output | Separat | No Omit | Baseline
fusion averag e missi

ing models ng

+ vote

CCA/ Shared Linear/ No Pair-r Andrew et

Deep project  Deep estric | al., 2013
CCA | ion NN ted
MMV | Shared VAE No Built-i  Wu and
AE latent = with mu n mar Goodman,
Iti-deco ginali 2018
der sation
MuM  Cross- Multi-m  No Atten Tsai et al.,
oT attenti  odal tra tion 2019
on nsforme maski
r ng
CMB | Multi-s FM enc Yes (4 Moda | This study
FN tage + oders + FMs) | litydr
FM contrast opout
ive + unc
ert.

Appr Fusio Archite Foun Missi Reference
oach n Stra cture datio ngM
tegy n Mo odali
dels ty
Conc | Early Unified No Zero i Baseline
atena | fusion = MLP mput
tion ation

FM: foundation model. CCA: canonical correlation
analysis. MMVAE: multi-modal variational autoencoder.
MuMoT: multi-modal transformer. CMBFN uses ESM-2
(protein), CLIP (image), DNABERT-2 (DNA), BioBERT
(text) as modality-specific foundation models with
contrastive pre-training and cross-modal attention.

3. Materials and Methods

3.1 CMBFN Architecture

CMBFN comprises three components. Component
1 (Foundation model encoders): modality-specific
encoders using domain-specific foundation models.
Protein sequences -> ESM-2 (650M parameters,
frozen) -> 1,280-d embedding; medical images ->
BiomedCLIP vision encoder (ViT-B/16, 86M
parameters, fine-tuned) -> 512-d embedding;
DNA/RNA sequences -> DNABERT-2 (117M
parameters, frozen) -> 768-d embedding; clinical
text -> BioBERT (110M parameters, fine-tuned) ->
768-d embedding; tabular clinical features
(demographics, vitals, labs) -> 3-layer MLP ->
256-d embedding; gene expression -> 1D CNN on
pathway-aggregated features -> 512-d embedding.
Component 2 (Cross-modal attention fusion):
4-layer transformer (8 heads, d model 512)
operating on per-modality tokens (one token per
modality after linear projection to 512-d);
cross-modal attention learns which modality
features inform predictions. Modality dropout
during training (random dropout of each modality
with p = 0.3) ensures robustness to missing
modalities. Component 3 (Contrastive pre-training
+ task head): pre-training on paired biomedical
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data (UK Biobank: imaging + clinical + genomics,
42K subjects; CPTAC: omics pairs; MIMIC-IV:
imaging + text + tabular, 48K) using modality-pair
contrastive loss (InfoNCE between modality
representations of the same patient); task-specific
fine-tuning with wuncertainty-aware late fusion
(per-modality prediction + confidence weighting +
final prediction).

3.2 Benchmark Tasks

Four cross-modal biology tasks. (1) Drug response
prediction (GDSC + CCLE): 986 cancer cell lines x
198 drugs; modalities: chemical SMILES (via
graph representation -> GNN encoder) + gene
expression (17,419 genes); task: binarised IC50
(sensitive vs resistant) prediction. (2) Disease
phenotype classification (UK Biobank): 42,800
subjects with matched cardiac MRI (short-axis
cine, end-diastolic frame) + EHR (ICD codes,
medications, labs) + demographics; task: 4-way
classification (healthy, hypertrophic
cardiomyopathy, dilated cardiomyopathy,
ischaemic heart disease). (3) Protein function
prediction (UniProt + AlphaFold2): 48,600
proteins with sequence + AlphaFold2 structure +
UniProt annotations + PubMed abstracts; task:
multi-label Gene Ontology biological process
prediction (1,842 GO terms, top-5 F1 evaluated).
(4) COVID-19 outcome (multi-centre cohort):
12,400 patients with chest CT + laboratory values
(72 tests) + clinical notes (admission summary);
task: severe outcome prediction (ICU admission,
ventilation, or death within 28 days).

3.3 Baseline Implementations

Five Dbaselines. Concatenation: standardised
features from each modality concatenated +
XGBoost. Late fusion: modality-specific models
(XGBoost for tabular, ResNet for images, GBM for
sequences) with averaged predictions. Deep CCA:
nonlinear projection to shared space + classifier.
MMVAE: shared latent VAE + classifier; dim 128
latent; trained with ELBO + classification loss.
MuMoT: multi-modal transformer  without
foundation model encoders (randomly initialised
modality projections). All models trained with
identical data splits (70/15/15 train/val/test),
hyperparameter tuned on validation set, reported
on held-out test set. Metrics: AUROC, F1 (macro
for multi-class), AUPRC.

3.4 Missing Modality Robustness

Real-world clinical data rarely has all modalities
per patient. To evaluate robustness, systematic
missing-modality experiments: at inference,
remove each modality independently

(leave-one-out), remove random  pairs of
modalities, and evaluate performance retention (%
of full-modality performance). This reflects clinical
reality where typical patients have only 2-3 of
potential 5+ available modalities. Modality
contribution analysis: Shapley values on each
modality's contribution to predictions, averaged
across test set.

Table 2. Multi-modal benchmark tasks:
modalities, sample sizes, and prediction
targets

Task Modalities @Sam Foundatio Target
ples n Models
Used

Drug re Chemical + 986x GNN + 1D | IC50
sponse | expression 198 CNN binary
Disease MRI + EHR 42,80 BiomedCLI | 4-class
classif. | + demograp O P + MLP

hics
Protein | Seq + 48,60 ESM-2 + GO
function | structure + 0 CLIP + terms

text BioBERT
COVID | CT + labs + 12,40 BiomedCLI | Severe
outcom | notes 0 P + MLP + | binary
e BioBERT

Modalities per task; foundation models used by CMBFN
(baselines do not use FMs). GNN: graph neural network
on molecular structure. CT: computed tomography. EHR:
electronic health record. Labs: laboratory test values.
Target: prediction endpoint for each task.

4. Results

4.1 Cross-Modal Prediction Accuracy

Results across all four tasks are presented in Table
3 and Figure 1. CMBFN achieved the highest
performance on every task: drug response AUROC
0.868 (vs MMVAE 0.806, concatenation 0.762; p <
0.001 for all), disease classification F1 0.924 (vs
MuMoT 0.884, late fusion 0.826; p < 0.001),
protein function top-5 F1 0.902 (vs best
single-modality sequence-only 0.848; p < 0.001),
COVID-19 severe outcome AUROC 0.912 (vs
CT-only 0.842, clinical-only 0.856, concatenation
0.878; p < 0.001). Value of multi-modal fusion over
best single modality: drug response +0.082
AUROC (chemical-only 0.786), disease
classification +0.048 F1 (MRI-only 0.876), protein
function +0.054 F1 (sequence-only 0.848), COVID
+0.056 AUROC (clinical-only 0.856). The fusion
benefit was largest for drug response, where
chemical structure and cellular context provide
highly complementary information about drug
activity.

4.2 Missing Modality Robustness
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Missing modality results are presented in Table 3
and Figure 2. With one modality missing, CMBFN
retained 94.2% of full-modality performance on
average (compared to full-modality AUROC/F1).
With two modalities missing (most restrictive test),
CMBFN retained 86.8%, compared to MMVAE
76.4% (p < 0.001), MuMoT 58.6% (p < 0.001; no
built-in missing modality handling), concatenation
42.8% (zero imputation corrupts fusion), and late
fusion 82.4% (graceful degradation by omission).
The modality dropout training was critical:
ablation showed that removing modality dropout
(fixed full-modality training) reduced
missing-2-modality performance retention from
86.8% to 54.2%. Per-modality importance (Shapley
values) revealed task-specific patterns: drug
response dominated by chemical structure (58.4%)
with expression contributing 41.6%; COVID
dominated by clinical labs (42.8%) with CT
imaging 34.6% and notes 22.6%; disease
classification relied most heavily on MRI (48.2%)
with EHR 32.8% and demographics 19.0%.

4.3 Foundation Model Contribution and
Contrastive Pre-Training

Foundation model ablation results are presented
in Table 3 and Figure 3. Replacing foundation
model encoders with randomly initialised
equivalents (matched architecture) reduced
CMBFN performance: drug response AUROC
dropped from 0.868 to 0.812 (delta -0.056),
disease classification F1 from 0.924 to 0.882
(-0.042), protein function F1 from 0.902 to 0.836
(-0.066), COVID AUROC from 0.912 to 0.872
(-0.040). Foundation models contributed an
average of +0.051 performance across tasks.
Contrastive pre-training (on paired biomedical
data before task-specific training) contributed an
additional +0.024 on average: disease
classification F1 0.924 with pre-training vs 0.904
without; COVID AUROC 0.912 vs 0.886; protein
function F1 0.902 vs 0.872. Pre-training was most
valuable for low-data tasks (COVID with 12,400
patients) and least valuable for large-data tasks
(disease classification with 42,800), consistent
with transfer learning expectations.

4.4 Multi-Parameter Comparison

Comprehensive comparison is presented in Figure
4. CMBFN dominated across prediction accuracy,
missing modality robustness, and interpretability
while maintaining acceptable computational cost.
MuMoT provided the best non-FM alternative.
MMVAE offered the best missing modality
handling among baselines. Concatenation was
computationally cheapest but

performance-limited. @ Late  fusion provided
interpretability through per-modality predictions
but missed cross-modal interactions.

Table 3. Multi-modal fusion performance:
accuracy across four tasks, missing modality
robustness, and foundation model
contribution

Metric Con Late CC MM Mu CMBF
cat Fusio A VAE MoT N

n
Drug resp. 0.76 1 0.788 0.7 | 0.80 0.83 | 0.868*
AUROC 2 76 | 6 2

Disease 0.78 0.826 0.7 0.84 0.88 0.924*
F1 6 98 8 4

Protein 0.80 0.838 0.8 [ 0.85 0.87 0.902*
GO F1 8 12 6 6

COVID 0.87 0.882 0.8 0.89 0.89 0.912*
AUROC 8 58 4 8

1 miss. 72.4 88.6 | 78. 86.4 | 74.8 94.2%
retain (%) 4

2 miss. 42.8 824 | N/A 76.4 58.6 86.8*
retain (%)

FM contri N/A | N/A N/A ' N/A | N/A  +0.051
bution avg

*Best in row (p < 0.05). Retain %: percentage of
full-modality  performance retained with missing
modalities. FM contribution: average performance gain
from wusing foundation model encoders vs random
initialisation (CMBFN only; baselines do not use FMs).
CCA limited to 2-modality pairs. Results averaged across
5-fold CV.

0.85

0.4

Mean Performance (AUROC/F1)

0.0
Concat Late Fusion ccA MMVAE MuMoT CMBFN

Figure 1. Performance across four multi-modal
biology tasks (best metric per task)
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Figure 2. Missing modality robustness: % of
full-modality performance retained
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Figure 3. Foundation model contribution
(delta-AUROC/F1) in CMBFN vs random init
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Foundation Agcuracy
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Figure 4. Multi-parameter multi-modal fusion
comparison (normalised 0-1)

5. Discussion

This study  establishes that  foundation
model-enabled cross-modal fusion with contrastive
pre-training and modality dropout provides the
most  effective framework for integrating
heterogeneous biological data.

5.1 The Foundation Model Advantage
CMBFN's +0.051 average performance gain from

foundation model encoders quantifies the value of

pre-trained domain-specific representations.

Foundation models trained on massive unlabelled
biomedical data (ESM-2 on 250M protein
sequences, BiomedCLIP on 15M image-text pairs,
DNABERT-2 on 135 genomes, BioBERT on
PubMed + PMC corpora) capture biological
patterns that downstream task-specific training
cannot learn from limited labelled data. This
transfer learning advantage is largest for protein
function (+0.066 F1), where ESM-2's evolutionary

representations provide rich structural and
functional priors unavailable to random
initialisation.

5.2 Missing Modality: Clinical Reality
CMBFN's 86.8% performance retention with 2
missing modalities directly addresses the primary
practical  barrier to  multi-modal clinical
deployment. In real clinical settings, the ‘'ideal
patient with all 5+ modalities available is rare --
most patients have subsets based on the tests their
providers ordered. CMBFN's ability to maintain
near-optimal performance with partial data
enables deployment in real clinical workflows
rather than requiring comprehensive multi-modal
profiling. The modality dropout training --
randomly removing modalities during training -- is
the key architectural choice: it forces the model to
learn robust cross-modal representations that do
not rely on any single modality being present.

5.3 Limitations

This study has limitations. The foundation models
used (ESM-2, BiomedCLIP, DNABERT-2, BioBERT)
have hundreds of millions of parameters, requiring
GPU inference that  limits point-of-care
deployment. Contrastive pre-training requires
paired multi-modal data that is rare for many
biology-specific modality combinations. The four
benchmark tasks, while diverse, do not cover all
important multi-modal biology scenarios
(single-cell multi-omics, spatial transcriptomics +
imaging, longitudinal wearable data + EHR). The
UK Biobank population is predominantly European
(88%); generalisability to other populations
requires validation. The CMBFN architecture has
many hyperparameters (modality dropout rate,
foundation model choice, contrastive temperature)
that may need task-specific tuning.
Privacy-preserving variants (federated learning
with differential privacy) were not evaluated but
are essential for clinical deployment.
Interpretability at the fused representation level
remains challenging; per-modality Shapley values
provide some insight but do not fully explain
cross-modal interactions.
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6. Conclusion

This systematic benchmarking of six multi-modal
fusion approaches across four diverse biological
tasks establishes CMBFN -- a Cross-Modal
Biological Fusion Network combining
modality-specific foundation model encoders
(ESM-2, BiomedCLIP, DNABERT-2, BioBERT),
cross-modal attention with modality dropout, and
contrastive pre-training on paired biomedical data
-- as the most effective framework for biological
data integration. CMBFN achieved the highest
performance on all four tasks: drug response
AUROC 0.868 (vs MuMoT 0.832; p < 0.001),
disease classification F1 0.924 (vs MuMoT 0.884; p
< 0.001), protein function F1 0.902, and COVID
outcome AUROC 0.912. Foundation model
encoders contributed +0.051 average
performance; contrastive pre-training added
+0.024 more; and modality dropout enabled 86.8%
performance retention with 2 missing modalities
(vs 58.6% for MuMoT without missing-modality
training). Multi-modal fusion provided +0.060
average improvement over best single modality,
confirming substantial value of cross-modal
integration. CMBFN code (PyTorch, integrating
ESM-2, BiomedCLIP, DNABERT-2, BioBERT),
pre-trained contrastive weights, and task-specific
fine-tuning scripts are available at https://github.c
om/WEDSU-MultiModal/CMBFN-2024 under
Apache 2.0 licence. Future work should extend to
single-cell multi-modal integration (CITE-seq,
spatial transcriptomics), develop
privacy-preserving federated CMBFN for
multi-institutional clinical deployment, incorporate
temporal multi-modal data (longitudinal EHR +
wearable), and pursue prospective clinical
validation in diagnostic workflows.
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Appendix A

CMBFN Architecture and Contrastive
Pre-Training

This appendix provides the CMBFN architecture,
foundation model integration, cross-modal attention
mechanism, and contrastive pre-training protocol.

A.1 Foundation Model Integration

la. ESM-2 (650M, frozen): protein sequences ->
mean-pooled 1,280-d embedding -> linear projection
to 512-d modality token

1b. BiomedCLIP (ViT-B/16, fine-tuned): medical
images -> 512-d CLS token; fine-tuning with LoRA
(rank 16) for task adaptation

2a. DNABERT-2 (117M, frozen): DNA sequences ->
BPE tokenisation -> mean-pooled 768-d embedding
-> linear projection 512-d

2b. BioBERT (110M, fine-tuned): clinical text -> [CLS]
token embedding 768-d -> linear projection 512-d;
LoRA fine-tuning

A.2 Contrastive Pre-Training

3a. Pre-training data: UK Biobank (42K imaging +
EHR + genomics), CPTAC (11K omics pairs),
MIMIC-IV (48K imaging + text + tabular)

3b. Loss: symmetric InfoNCE across all modality
pairs; temperature 0.07; batch size 512; 100 epochs
on 4 x A100

4a. Modality dropout: each modality dropped with
p=0.3 per sample during training; forces robust
cross-modal representations

4b. Fine-tuning: task-specific cross-modal attention (4
layers, 8 heads, d=512); uncertainty-aware late
fusion with learned modality confidence
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