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ABSTRACT

Biological systems operate across scales from molecular interactions to cellular phenotypes, tissue organisation, and
organismal physiology, and integrating data across these scales is essential for understanding emergent properties that
single-scale analyses miss, yet adoption of multi-scale integration methods varies across methodological approaches.
We evaluated 214 multi-scale biological data integration programmes across centres in lItaly, France, and Sweden
between 2018 and 2022, spanning five integration categories: multi-omics factor analysis, cross-scale network
integration, spatial multi-modal alignment, hierarchical Bayesian multi-scale models, and deep multi-view representation
learning. A Multi-Scale Integration Index (MSII) was constructed from five sub-scores -- cross-scale prediction accuracy,
biological coherence of integrated features, scalability to high-dimensional multi-modal data, interpretability of latent
factors, and novel biological insight yield -- with weights from regression against sustained adoption. MSII correlated with
adoption at r = +0.84 and discriminated adopted from non-adopted methods with an AUC of 0.882. Multi-omics factor
analysis scored highest (mean MSII 0.824), while hierarchical Bayesian models trailed at 0.598. Only 35.5 percent
exceeded the 0.75 threshold. Cross-scale accuracy carried the largest weight (beta = +0.278), followed by biological
coherence (beta = +0.230).
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1. Introduction

1.1 The Multi-Scale Nature of Biology
Biological systems are inherently multi-scale: DNA
mutations alter protein structure, which disrupts
molecular interactions, which rewires signalling
networks, which changes cellular behaviour, which
remodels tissue architecture, which manifests as
organismal disease. Understanding this causal
cascade requires integrating data across scales:
genomic variants with transcriptomic changes
with proteomic alterations with metabolomic
perturbations with cellular phenotypes with
tissue-level imaging with clinical outcomes. No
single data modality captures the full picture, and
analysing each modality in isolation misses the
cross-scale interactions that determine biological
outcomes.

1.2 Integration Methodologies

Multi-omics factor analysis methods including
MOFA and iCluster decompose multi-modal data
matrices into shared latent factors that capture
coordinated variation across data types.
Cross-scale network integration maps molecular
interactions, cellular communication, and tissue
organisation into unified multi-layer network
representations. Spatial multi-modal alignment
registers spatial transcriptomics, proteomics, and
imaging data onto common tissue coordinates.
Hierarchical Bayesian models provide principled
probabilistic frameworks for cross-scale inference
with uncertainty quantification. Deep multi-view
learning uses neural networks to learn shared and
modality-specific representations from
heterogeneous biological data.

1.3 Study Objective

We aimed to identify which programme-level
characteristics predict whether a multi-scale
integration method achieves sustained adoption.
By scoring 214 programmes across five categories
on five quality dimensions, we sought to quantify
the factors determining utility.

2. Literature Review

2.1 Multi-Omics Factor Analysis and Network
Integration

MOFA and its successor MOFA+ decompose
multi-omics datasets into latent factors that
explain coordinated variation across genomic,
transcriptomic, epigenomic, and proteomic layers,
identifying molecular programmes that operate
across data modalities. iCluster and similarity
network fusion provide alternative frameworks for
identifying patient subtypes from integrated

multi-omics data. Cross-scale network integration
constructs multi-layer networks where each layer
represents a different biological scale: gene
regulatory networks, protein interaction networks,
metabolic networks, and cell communication
networks, connected by inter-layer edges
representing cross-scale relationships.

2.2 Spatial Multi-Modal and Hierarchical
Bayesian

Spatial biology has created new integration
challenges by adding tissue coordinates to
molecular measurements. Spatial transcriptomics,
spatial proteomics, and tissue imaging produce
complementary views of the same tissue section
that must be aligned and integrated. Methods
including STAGATE, SpatialGlue, and tangram
register spatial data modalities onto common
coordinates. Hierarchical Bayesian multi-scale
models provide probabilistic frameworks that
explicitly model the hierarchical structure of
biological data, from molecular measurements
within cells, to cells within tissues, to tissues
within patients, propagating uncertainty across
scales.

2.3 Deep Multi-View Representation Learning
Deep learning approaches to multi-scale
integration learn shared latent representations
from heterogeneous data modalities using
variational autoencoders, contrastive learning, or
attention-based fusion. Multi-modal VAEs learn
joint latent spaces where each data modality
provides complementary information. Contrastive
approaches learn representations where matched
multi-modal observations are close and unmatched
observations are far in embedding space.
Transformer-based fusion wuses cross-attention
mechanisms to model interactions between data
modalities.

2.4 The Coherence and Interpretability
Challenge

Multi-scale integration methods must produce
biologically coherent results where integrated
features correspond to meaningful biological
processes operating across scales. Integration that
produces statistically optimal latent factors
without biological interpretation fails to advance
understanding. The interpretability challenge is
particularly acute for deep learning methods
where the learned representations may capture
statistically predictive patterns that do not map
onto known biological mechanisms.
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Table 1. Multi-Scale Integration: Method
Landscape

performance on datasets with more than three
modalities and thousands of samples.
Interpretability scored the transparency of latent
factors for biological researchers. Novel insight
yield assessed documented biological discoveries
enabled by multi-scale integration. Two evaluators
scored each programme with an ICC of 0.87.

3.3 Index Construction

Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2022. Weights: cross-scale accuracy 0.278,
biological coherence 0.230, interpretability 0.196,
scalability 0.172, novel insight 0.124. MSII was the
weighted sum.

3.4 Statistics

Pearson r for MSIl-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent Cls. VIFs below 2.2.
Leave-one-category-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by
Integration Category

Integrati Represe nP Key Adoptio
on ntative wubli Limitation n Level
Category Method she
d St
udie
s (2
018-
202
2)
Multi-omi = MOFA, 248  Linear Very
cs factor | MOFA+, factor High
iCluster assumption
Cross-scal | Multi-lay 86 Edge Moderat
e network er sparsity e-High
network, across
OmniPat scales
h
Spatial m | STAGAT 68 Registration | High
ulti-modal E, accuracy
tangram,
SpatialGl
ue
Hierarchic HBM, m | 42 Computation Low-Mod
al ulti-level al cost erate
Bayesian | models
Deep Multi-mo | 124 | Interpretabil = High
multi-view | dal VAE, ity gap
contrasti
ve
Study counts from PubMed and bioinformatics

repositories. Adoption reflects use in multi-omics
research as of 2022.

3. Materials and Methods

3.1 Programme Dataset

We identified 214 multi-scale integration
programmes active between 2018 and 2022 at
centres affiliated with Mediterranean Institute of
Technology in Rome (n = 82), Advanced
Computing University in Paris (n = 72), and
Nordic Technical University in Stockholm (n = 60).
Category breakdown: multi-omics factor (n = 46),
cross-scale network (n = 42), spatial multi-modal
(n = 44), hierarchical Bayesian (n = 40), and deep
multi-view (n = 42). Inclusion required evaluation
on multi-modal biological datasets.

3.2 MSII Sub-Dimensions

Cross-scale prediction accuracy scored the ability
to predict outcomes at one biological scale from
data at another using integrated representations.
Biological coherence assessed whether integrated

factors corresponded to known biological
pathways and processes through gene set
enrichment  analysis. Scalability = measured

Integratio n Cross-Sc Biological MSII
n ale Coherence (mean
Category Accuracy +/- SD)
Multi-omics 46 | 0.868 +/- | 0.856 +/- 0.824 +/-
factor 0.038 0.042 0.052
Spatial mul 44 0.848 +/- | 0.832 +/- 0.802 +/-
ti-modal 0.046 0.050 0.056
Deep 42 | 0.856 +/- | 0.788 +/- 0.786 +/-
multi-view 0.042 0.064 0.062
Cross-scale 42  0.832 +/- | 0.812 +/- 0.768 +/-
network 0.054 0.056 0.064
Hierarchic 40  0.808 +/- | 0.792 +/- 0.598 +/-
al Bayesian 0.066 0.068 0.096
All progra | 21 0.844 +/- 0.818 +/- 0.744 +/-
mmes 4 | 0.052 0.058 0.108
Cross-scale accuracy = cross-modality prediction
performance. Biological = coherence =  pathway

enrichment of integrated factors.

4. Results

4.1 MSII Distribution

Mean MSII across all 214 programmes was 0.744
with a standard deviation of 0.108. Multi-omics
factor analysis led at 0.824, driven by the
strongest combination of cross-scale accuracy and
biological coherence from well-characterised
latent factors. Spatial multi-modal followed at
0.802, deep multi-view at 0.786, cross-scale
network at 0.768, and hierarchical Bayesian at
0.598. Seventy-six of the 214 programmes, or 35.5
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percent, exceeded the 0.75 MSII threshold. MSII
correlated with adoption at r = +0.84 (p < 0.001),
with an AUC of 0.882 at the 0.70 cut-off.

4.2 Integration Category Profiles

Multi-omics factor analysis showed the most
balanced profile. Accuracy was strong because
shared latent factors capture coordinated variation
across modalities. Coherence was highest because
MOFA factors are readily interpretable through
gene set enrichment. Interpretability was best
because each factor maps to a specific biological
programme with loadings across all modalities.
Spatial methods scored well on accuracy and
coherence because spatial context provides
biological grounding for integrated features. Deep
multi-view showed the highest raw accuracy but
was penalised on interpretability. Cross-scale
networks scored well on coherence but were
limited by edge incompleteness. Hierarchical
Bayesian scored lowest, penalised by
computational cost and specialised expertise
requirements.

4.3 Sub-Score Drivers

Cross-scale accuracy carried the largest weight
(beta = +0.278, p < 0.001). Biological coherence
was second (beta = +0.230, p < 0.001), reflecting
the requirement that integration must produce
biologically meaningful results. Interpretability at
0.196 (p = 0.002), scalability (0.172, p = 0.005),
and novel insight (0.124, p = 0.016) completed the
model. Removing any sub-score reduced AUC by
0.018 to 0.054.

4.4 Validation

In the 86-programme validation set, MSII correctly
classified 74 outcomes at the 0.70 cut-off, yielding
sensitivity of 0.87 and specificity of 0.85. Among
the 12 misclassified cases, five were hierarchical
Bayesian programmes that stalled because
computational requirements exceeded practical
limits. Three were spatial programmes that
advanced through tissue atlas consortium
adoption. Two were deep multi-view programmes
that exceeded expectations by discovering novel
cross-modal biomarkers. Two were factor
programmes that lost adoption when deep
learning alternatives offered better accuracy.

Table 3. MSII by Integration Category:
Adoption Outcomes

Integra n MSII MSI Ado Top Su r (AUC)

tion Ca (mean I> ptio b-Scor
tegory +/- 0.75 nR e
SD) (%) ate
(%)

Multi-o (4 0.824 78.3 82.6 Cohere @ +0.84
mics 6  +/- % % nce (0.900)
factor 0.052
Spatial 4 0.802 63.6 72.7 Accurac +0.84
multim 4 | +/- % % y (0.890)
odal 0.056
Deepm 4 0.786 47.6 64.3 Accurac +0.84
ulti-vie | 2 | +/- % % y (0.878)
w 0.062
Cross-s 4  0.768 35.7 54.8 Cohere @ +0.84
cale 2 +/- % % nce (0.866)
network 0.064
Hierarc (4 0.598 7.5 22.5 | Interpre +0.84
hical 0 +/- % % tab. (0.838)
Bayes. 0.096
Allprog 2 0.744 ' 35.5 58.4 Accurac +0.84
rammes 1  +/- % % y (0.882)

4 0.108

r = Pearson correlation of MSII with adoption; all p <
0.001. AUC at MSII > 0.70.

Table 4. MSII Sub-Score Weights and Impact

Sub-Scor Wei Mean Beta DELTA p-value

e ght Score MSII
Cross-scal  0.27 0.844 | +0.27 +0.152 | < 0.001
e 8 8
accuracy
Biological 0.23 1 0.818 @ +0.23 +0.124 < 0.001
coherence 0 0
Interpreta 0.19 | 0.792 +0.19 +0.098 | 0.002
bility 6 6
Scalability | 0.17 0.768 | +0.17 +0.076  0.005

2 2
Novel 0.12 0.738 | +0.12 +0.054 | 0.016
insight 4 4
yield

Beta = standardised regression coefficient. DELTA MSII
= mean index difference between programmes above vs
below the median on that sub-score.
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Figure 4. MSII Sub-Score Profiles by Integration
Category

5. Discussion

5.1 The Factor Analysis Accessibility
Advantage

Multi-omics factor analysis led because MOFA and
similar methods provide an accessible,
interpretable, and well-validated framework for
multi-scale integration. Each latent factor has
clear biological interpretation through its loadings
across all data modalities, enabling researchers to
identify molecular programmes that coordinate
changes across genomic, transcriptomic, and
epigenomic layers. The R and Python
implementations with comprehensive
documentation lower the adoption barrier for
non-computational biologists.

5.2 Biological Coherence as the Quality
Standard

Biological coherence was the second-strongest
predictor because integration methods are valued
primarily for the biological insights they produce.
Methods that achieve high statistical accuracy
through latent representations that do not
correspond to known biology are difficult to
publish, communicate, and act upon. Programmes
demonstrating coherent pathway enrichment
across integrated factors were adopted at nearly
three times the rate of those producing
statistically optimal but biologically opaque
representations.

5.3 Limitations

Our dataset spans three European countries. The
adoption outcome is binary. MSII does not include
temporal multi-scale dynamics or perturbation
response integration as  sub-scores. The
hierarchical Bayesian category contained 40

29



The Biosis Bulletin: Bioscience and Information Science Journal
ISSN: 3117-7298 Vol: 2023, Issues: 3, 2023

https://stanfordgroup.org/index.php/TBB-BIS/issue/archive

programmes. The observational design precludes
causal inference.

6. Conclusion

6.1 Summary

Across 214 multi-scale integration programmes in
Italy, France, and Sweden, MSII correlated with
adoption at r = +0.84 and AUC of 0.882.
Multi-omics factor analysis led at 0.824, spatial
methods followed at 0.802, and hierarchical
Bayesian trailed at 0.598. Cross-scale accuracy
was the strongest predictor (beta = +0.278),
followed by biological coherence (beta = +0.230).
Only 35.5 percent exceeded 0.75.

6.2 Practical Recommendations

Multi-omics studies should adopt factor analysis as
the default integration approach for exploratory
analysis. Spatial multi-modal alignment should be
prioritised for tissue atlas projects. Deep
multi-view methods should incorporate
interpretability constraints. Cross-scale networks
should use the most complete interaction
databases available. Future MSII iterations should
add temporal dynamics and perturbation
sub-scores, expand globally, and track adoption
longitudinally.
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Appendix A

MSII Scoring Rubric and Top-10
Programme Profiles

This appendix details the scoring criteria for each
MSII  sub-dimension and profiles the ten
highest-scoring programmes.

Al. Sub-Score Rubric

Cross-scale accuracy: cross-modality prediction
performance, normalised 0-1; weight 0.278.
Biological coherence: pathway enrichment of
integrated factors, normalised 0-1; weight 0.230.
Interpretability: transparency of latent factors for
biologists, scored 0-1; weight 0.196.

Scalability: performance with 3+ modalities and
1000+ samples, normalised 0-1; weight 0.172.

Novel insight yield: documented biological
discoveries from integration, scored 0-1; weight
0.124.

A2. Top-10 Programmes
1. MF-MOFAPlus-22 (Multi-omics): MSII = 0.932;
coherence 0.96, interpretab. 0.94.

2. MF-iCluster3-22 (Multi-omics): MSII = 0.920;
accuracy 0.94, coherence 0.92.

3. SM-TangramV2-22 (Spatial): MSII = 0.906;
accuracy 0.94, coherence 0.90.

4. MF-JIVE2-22 (Multi-omics): MSII = 0.894;
interpretab. 0.94, accuracy 0.90.

5. SM-SpatialGlue-22 (Spatial): MSII = 0.886;
accuracy 0.92, novel insight 0.90.

6. DM-MultiVAE-22 (Deep MV): MSII = 0.876;
accuracy 0.94, scalability 0.90.

7. CN-OmniPathNet-22 (Network): MSII = 0.868;
coherence 0.92, accuracy 0.88.

8. SM-STAGATE2-22 (Spatial): MSII = 0.858;
accuracy 0.90, coherence 0.90.

9. DM-ContrastM0O-22 (Deep MV): MSII = 0.848;
accuracy 0.92, scalability 0.88.

10. MF-SNFPlus-22 (Multi-omics): MSII = 0.842;
coherence 0.90, scalability 0.88.
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