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Background
 Viral tissue tropism shapes disease severity, 

transmission routes, host range, and spillover 
risk

 Tissue tropism remains underrepresented in 
comparative virology and host-range prediction 
because data is difficult to collect, curate, and 
standardise

 Why this is difficult:
 Sparse and biased tissue-level evidence
 Limited experimental validation across hosts 

and viruses
 Strong reporting bias toward clinically sampled 

tissues
 Host, tissue, and virus effects are biologically 

coupled rather than independent

Figure adapted from: McFadden, G., Mohamed, M., Rahman, M. et al. Cytokine 
determinants of viral tropism. Nat Rev Immunol 9, 645–655 (2009). 
https://doi.org/10.1038/nri2623
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Why Graph Neural Networks (GNNs)?

Biological systems are relational
 Tissues are connected through shared molecular 

profiles 
Viruses are related through evolutionary structure
GNNs allow:

 Information sharing across related entities
 Learning from indirect evidence
 Modelling system level interactions
 Integration of heterogeneous biological structure
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Framework

Virus Sub-species Nodes: 𝑆௩ = 𝑠ଵ, ⋯ , 𝑠 ௦ೡ

Edges: 𝐸௩ = 𝑠, 𝑠́ ∶ 𝑤௦௦́ = 𝑔 𝑑௦௦́

Virus Representation

𝐺௩
௦௨௕ = 𝑆௩ , 𝐸௩

𝑆௩ derived from MMSeqs clustering

𝑒௩ = 𝐸𝑛𝑐௩ 𝐺௩
௦௨௕ , 𝑒௦

଴ ,  𝑒௩ ∈ ℝௗ

Virus Encoder

Subtype MLP-based + Pooling

Host, Tissue Encoder

𝐻௛,௧ = ℎ௛,௧ ௧∈்೓
= 𝐺𝑁𝑁௛,௧ 𝐺௛,௧, 𝐸௛,௧

GCN-based GNN

Tissue, Host Nodes: 𝑉௛ = 𝑢௛ ∪ 𝑢௛,௧ : 𝑡 ∈ 𝑇௛

Edges: 𝐸௛ = 𝐸௛
୦ୟୱ

∪  𝐸௛
୲୲

Host, Tissue Graph

Host, Tissue-Virus Fusion

Asymmetric embedding fusion

ℎത௛,௧,௩ = ℎ௛,௧ + 𝜙 ℎ௛,௧ฮ𝑒௩

Prediction

𝑝ො௛,௧,௩ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑠௛,௧,௩ − 𝛽 log 𝜋௧

Tissue permissivity distribution

Training Objective

Compatibility learning: Distribution loss+ ranking + virus regularisation

𝑠௛,௧,௩ = 𝑓௦௖௢௥௘ ℎത௛,௧,௩

ℒ =  𝛼ℒௗ௜௦௧ + 1 − 𝛼 ℒ௥௔௡௞ + 𝜆 ℒ௖௢௡௧௥௔௦௧



vibelab.co.uk

Virus Representation 

Virus Sub-species Nodes: 𝑆௩ = 𝑠ଵ, ⋯ , 𝑠 ௦ೡ

Edges: 𝐸௩ = 𝑠, 𝑠́ ∶ 𝑤௦௦́ = 𝑔 𝑑௦௦́

Virus Representation
𝐺௩

௦௨௕ = 𝑆௩, 𝐸௩

𝑆௩ derived from MMSeqs clustering

𝑒௩ = 𝐸𝑛𝑐௩ 𝐺௩
௦௨௕, 𝑒௦

଴ ,  𝑒௩ ∈ ℝௗ

Virus Encoder

Subtype MLP-based + Pooling

Host, Tissue Encoder

𝐻௛,௧ = ℎ௛,௧ ௧∈்೓
= 𝐺𝑁𝑁௛,௧ 𝐺௛,௧, 𝐸௛,௧

GCN-based GNN

Tissue, Host Nodes: 𝑉௛ = 𝑢௛ ∪ 𝑢௛,௧ : 𝑡 ∈ 𝑇௛

Edges: 𝐸௛ = 𝐸௛
୦ୟୱ

∪  𝐸௛
୲୲

Host, Tissue Graph

Host, Tissue-Virus Fusion

Asymmetric embedding fusion

ℎത௛,௧,௩ = ℎ௛,௧ + 𝜙 ℎ௛,௧ฮ𝑒௩

Prediction

𝑝ො௛,௧,௩ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑠௛,௧,௩ − 𝛽 log 𝜋௧

Tissue permissivity distribution

Training Objective

Compatibility learning: Distribution loss+ ranking + virus regularisation

𝑠௛,௧,௩ = 𝑓௦௖௢௥௘ ℎത௛,௧,௩

ℒ =  𝛼ℒௗ௜௦௧ + 1 − 𝛼 ℒ௥௔௡௞ + 𝜆 ℒ௖௢௡௧௥௔௦௧
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In the model: what is the unit of the 
virus?
The model does not assume that each taxonomic species is homogeneous

Segmented Non-Segmented
Individual segment belonging to 
the same assembly number

Complete SequenceAccession

Separately for each segment 
within same taxonomic species

Same taxonomic species MMSeqs Clustering

Assemblies are separated into 
distinct units if every segment 
does not cluster 

Sequences in separate clusters 
are treated as distinct units in 
the model

What unit do we 
consider?
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Virus Representation 
Within-virus subgraphs: 

 Nodes: viral genome sequences
 Edges: patristic distance 
 Aggregation: pooled into a unit-

level virus embedding

 Encoder: Multilayer 
Perceptron (MLP)
Units not 

connected together

𝑒௩ =
1

𝑆௩
෍ 𝑒௦

௦∈ௌೡ
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Virus Representation 

Virus Sub-species Nodes: 𝑆௩ = 𝑠ଵ, ⋯ , 𝑠 ௦ೡ

Edges: 𝐸௩ = 𝑠, 𝑠́ ∶ 𝑤௦௦́ = 𝑔 𝑑௦௦́

Virus Representation
𝐺௩

௦௨௕ = 𝑆௩, 𝐸௩

𝑆௩ derived from MMSeqs clustering

𝑒௩ = 𝐸𝑛𝑐௩ 𝐺௩
௦௨௕, 𝑒௦

଴ ,  𝑒௩ ∈ ℝௗ

Virus Encoder

Subtype MLP-based + Pooling

Host, Tissue Encoder

𝐻௛,௧ = ℎ௛,௧ ௧∈்೓
= 𝐺𝑁𝑁௛,௧ 𝐺௛,௧, 𝐸௛,௧

GCN-based GNN

Tissue, Host Nodes: 𝑉௛ = 𝑢௛ ∪ 𝑢௛,௧ : 𝑡 ∈ 𝑇௛

Edges: 𝐸௛ = 𝐸௛
୦ୟୱ

∪  𝐸௛
୲୲

Host, Tissue Graph

Host, Tissue-Virus Fusion

Asymmetric embedding fusion

ℎത௛,௧,௩ = ℎ௛,௧ + 𝜙 ℎ௛,௧ฮ𝑒௩

Prediction

𝑝ො௛,௧,௩ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑠௛,௧,௩ − 𝛽 log 𝜋௧

Tissue permissivity distribution

Training Objective

Compatibility learning: Distribution loss+ ranking + virus regularisation

𝑠௛,௧,௩ = 𝑓௦௖௢௥௘ ℎത௛,௧,௩

ℒ =  𝛼ℒௗ௜௦௧ + 1 − 𝛼 ℒ௥௔௡௞ + 𝜆 ℒ௖௢௡௧௥௔௦௧
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Host, Tissue Graph 

Virus Sub-species Nodes: 𝑆௩ = 𝑠ଵ, ⋯ , 𝑠 ௦ೡ

Edges: 𝐸௩ = 𝑠, 𝑠́ ∶ 𝑤௦௦́ = 𝑔 𝑑௦௦́

Virus Representation

𝐺௩
௦௨௕ = 𝑆௩ , 𝐸௩

𝑆௩ derived from MMSeqs clustering

𝑒௩ = 𝐸𝑛𝑐௩ 𝐺௩
௦௨௕ , 𝑒௦

଴ ,  𝑒௩ ∈ ℝௗ

Virus Encoder

Subtype MLP-based + Pooling

Host, Tissue Encoder
𝐻௛,௧ = ℎ௛,௧ ௧∈்೓

= 𝐺𝑁𝑁௛,௧ 𝐺௛,௧, 𝐸௛,௧

GCN-based GNN

Tissue, Host Nodes: 𝑉௛ = 𝑢௛ ∪ 𝑢௛,௧ : 𝑡 ∈ 𝑇௛

Edges: 𝐸௛ = 𝐸௛
୦ୟୱ

∪  𝐸௛
୲୲

Host, Tissue Graph

Host, Tissue-Virus Fusion

Asymmetric embedding fusion

ℎത௛,௧,௩ = ℎ௛,௧ + 𝜙 ℎ௛,௧ฮ𝑒௩

Prediction

𝑝ො௛,௧,௩ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑠௛,௧,௩ − 𝛽 log 𝜋௧

Tissue permissivity distribution

Training Objective

Compatibility learning: Distribution loss+ ranking + virus regularisation

𝑠௛,௧,௩ = 𝑓௦௖௢௥௘ ℎത௛,௧,௩

ℒ =  𝛼ℒௗ௜௦௧ + 1 − 𝛼 ℒ௥௔௡௞ + 𝜆 ℒ௖௢௡௧௥௔௦௧
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Host-Tissue Graph 
 Tissues are modelled as a structured 

system within each host
 Nodes: host, tissues 
 Edges: 

 kNN similarity -- gene expression 
from Human Tissue Atlas [1]

 Host-tissue membership 

 Features: compressed expression 
profiles

 Encoder: 
 Multi-layer Graph 

Convolutional Network (GCN)
 Learns tissue representations conditioned 

on neighbouring structure

1. Mathias Uhlén et al. ,Tissue-based map of the human proteome. 
Science347,1260419(2015). DOI:10.1126/science.1260419
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Host, Tissue Graph 

Virus Sub-species Nodes: 𝑆௩ = 𝑠ଵ, ⋯ , 𝑠 ௦ೡ

Edges: 𝐸௩ = 𝑠, 𝑠́ ∶ 𝑤௦௦́ = 𝑔 𝑑௦௦́

Virus Representation

𝐺௩
௦௨௕ = 𝑆௩ , 𝐸௩

𝑆௩ derived from MMSeqs clustering

𝑒௩ = 𝐸𝑛𝑐௩ 𝐺௩
௦௨௕ , 𝑒௦

଴ ,  𝑒௩ ∈ ℝௗ

Virus Encoder

Subtype MLP-based + Pooling

Host, Tissue Encoder
𝐻௛,௧ = ℎ௛,௧ ௧∈்೓

= 𝐺𝑁𝑁௛,௧ 𝐺௛,௧, 𝐸௛,௧

GCN-based GNN

Tissue, Host Nodes: 𝑉௛ = 𝑢௛ ∪ 𝑢௛,௧ : 𝑡 ∈ 𝑇௛

Edges: 𝐸௛ = 𝐸௛
୦ୟୱ

∪  𝐸௛
୲୲

Host, Tissue Graph

Host, Tissue-Virus Fusion

Asymmetric embedding fusion

ℎത௛,௧,௩ = ℎ௛,௧ + 𝜙 ℎ௛,௧ฮ𝑒௩

Prediction

𝑝ො௛,௧,௩ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑠௛,௧,௩ − 𝛽 log 𝜋௧

Tissue permissivity distribution

Training Objective

Compatibility learning: Distribution loss+ ranking + virus regularisation

𝑠௛,௧,௩ = 𝑓௦௖௢௥௘ ℎത௛,௧,௩

ℒ =  𝛼ℒௗ௜௦௧ + 1 − 𝛼 ℒ௥௔௡௞ + 𝜆 ℒ௖௢௡௧௥௔௦௧
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Fusion

Virus Sub-species Nodes: 𝑆௩ = 𝑠ଵ, ⋯ , 𝑠 ௦ೡ

Edges: 𝐸௩ = 𝑠, 𝑠́ ∶ 𝑤௦௦́ = 𝑔 𝑑௦௦́

Virus Representation

𝐺௩
௦௨௕ = 𝑆௩ , 𝐸௩

𝑆௩ derived from MMSeqs clustering

𝑒௩ = 𝐸𝑛𝑐௩ 𝐺௩
௦௨௕ , 𝑒௦

଴ ,  𝑒௩ ∈ ℝௗ

Virus Encoder

Subtype MLP-based + Pooling

Host, Tissue Encoder

𝐻௛,௧ = ℎ௛,௧ ௧∈்೓
= 𝐺𝑁𝑁௛,௧ 𝐺௛,௧, 𝐸௛,௧

GCN-based GNN

Tissue, Host Nodes: 𝑉௛ = 𝑢௛ ∪ 𝑢௛,௧ : 𝑡 ∈ 𝑇௛

Edges: 𝐸௛ = 𝐸௛
୦ୟୱ

∪  𝐸௛
୲୲

Host, Tissue Graph

Host, Tissue-Virus Fusion

Asymmetric embedding fusion

ℎത௛,௧,௩ = ℎ௛,௧ + 𝜙 ℎ௛,௧ฮ𝑒௩

Prediction

𝑝ො௛,௧,௩ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑠௛,௧,௩ − 𝛽 log 𝜋௧

Tissue permissivity distribution

Training Objective

Compatibility learning: Distribution loss+ ranking + virus regularisation

𝑠௛,௧,௩ = 𝑓௦௖௢௥௘ ℎത௛,௧,௩

ℒ =  𝛼ℒௗ௜௦௧ + 1 − 𝛼 ℒ௥௔௡௞ + 𝜆 ℒ௖௢௡௧௥௔௦௧
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Fusion
ℎത௛,௧,௩ = ℎ௛,௧ + 𝜙 ℎ௛,௧ฮ𝑒௩

 Tissue permissivity is virus-
conditioned
 Same tissue, different virus 
 different outcome
 human-lung vs. human-lung + 

SARS-CoV-2 

 Virus embedding modifies 
each tissue representation
 Learns virus-specific tissue 

states, rather than fixed 
virus-tissue edge scores
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Fusion

Virus Sub-species Nodes: 𝑆௩ = 𝑠ଵ, ⋯ , 𝑠 ௦ೡ

Edges: 𝐸௩ = 𝑠, 𝑠́ ∶ 𝑤௦௦́ = 𝑔 𝑑௦௦́

Virus Representation

𝐺௩
௦௨௕ = 𝑆௩ , 𝐸௩

𝑆௩ derived from MMSeqs clustering

𝑒௩ = 𝐸𝑛𝑐௩ 𝐺௩
௦௨௕ , 𝑒௦

଴ ,  𝑒௩ ∈ ℝௗ

Virus Encoder

Subtype MLP-based + Pooling

Host, Tissue Encoder

𝐻௛,௧ = ℎ௛,௧ ௧∈்೓
= 𝐺𝑁𝑁௛,௧ 𝐺௛,௧, 𝐸௛,௧

GCN-based GNN

Tissue, Host Nodes: 𝑉௛ = 𝑢௛ ∪ 𝑢௛,௧ : 𝑡 ∈ 𝑇௛

Edges: 𝐸௛ = 𝐸௛
୦ୟୱ

∪  𝐸௛
୲୲

Host, Tissue Graph

Host, Tissue-Virus Fusion

Asymmetric embedding fusion

ℎത௛,௧,௩ = ℎ௛,௧ + 𝜙 ℎ௛,௧ฮ𝑒௩

Prediction

𝑝ො௛,௧,௩ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑠௛,௧,௩ − 𝛽 log 𝜋௧

Tissue permissivity distribution

Training Objective

Compatibility learning: Distribution loss+ ranking + virus regularisation

𝑠௛,௧,௩ = 𝑓௦௖௢௥௘ ℎത௛,௧,௩

ℒ =  𝛼ℒௗ௜௦௧ + 1 − 𝛼 ℒ௥௔௡௞ + 𝜆 ℒ௖௢௡௧௥௔௦௧
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Prediction

Virus Sub-species Nodes: 𝑆௩ = 𝑠ଵ, ⋯ , 𝑠 ௦ೡ

Edges: 𝐸௩ = 𝑠, 𝑠́ ∶ 𝑤௦௦́ = 𝑔 𝑑௦௦́

Virus Representation

𝐺௩
௦௨௕ = 𝑆௩ , 𝐸௩

𝑆௩ derived from MMSeqs clustering

𝑒௩ = 𝐸𝑛𝑐௩ 𝐺௩
௦௨௕ , 𝑒௦

଴ ,  𝑒௩ ∈ ℝௗ

Virus Encoder

Subtype MLP-based + Pooling

Host, Tissue Encoder

𝐻௛,௧ = ℎ௛,௧ ௧∈்೓
= 𝐺𝑁𝑁௛,௧ 𝐺௛,௧, 𝐸௛,௧

GCN-based GNN

Tissue, Host Nodes: 𝑉௛ = 𝑢௛ ∪ 𝑢௛,௧ : 𝑡 ∈ 𝑇௛

Edges: 𝐸௛ = 𝐸௛
୦ୟୱ

∪  𝐸௛
୲୲

Host, Tissue Graph

Host, Tissue-Virus Fusion

Asymmetric embedding fusion

ℎത௛,௧,௩ = ℎ௛,௧ + 𝜙 ℎ௛,௧ฮ𝑒௩

Prediction

𝑝̂௛,௧,௩ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑠௛,௧,௩ − 𝛽 log 𝜋௧

Tissue permissivity distribution

Training Objective

Compatibility learning: Distribution loss+ ranking + virus regularisation

𝑠௛,௧,௩ = 𝑓௦௖௢௥௘ ℎത௛,௧,௩

ℒ =  𝛼ℒௗ௜௦௧ + 1 − 𝛼 ℒ௥௔௡௞ + 𝜆 ℒ௖௢௡௧௥௔௦௧
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Prediction: Tissue Permissivity

𝑠௛,௧,௩ = 𝑓௦௖௢௥௘ ℎത௛,௧,௩

𝑝̂௛,௧,௩ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥௧ 𝑠௛,௧,௩ − 𝛽 log 𝜋௧

 Produces a ranked distribution over 
tissues 
Higher probability = higher relative 

permissivity
 Predictions are comparative across 

tissues, not absolute infection risk
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Performance 

Best pooled binary F1AUCMean positive rank Top-k recall Model setting

0.6630.8423.600.768Full model

0.5110.7524.800.583No tissue expression

0.5620.7615.220.620No tissue identity

0.5960.8135.470.594No tissue-tissue edges

0.3920.6889.820.367No virus features

 Full model consistently performed best across ranking and classification metrics
 Virus features (sequence-based embeddings) seemed to be the most essential 

for discriminating tissue permissivity
 Tissue expression data improved performance beyond simple tissue labels
 Graph connectivity helped rank true permissive tissues more highly
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Results
 The model recovers 

strong tissue-specific 
signals, especially for 
lung, brain, salivary 
gland, skin, lymphoid 
tissue, and intestine

 Lung was the best 
recovered tissue by 
held-out classification 
metrics; intestine was 
also consistently 
prioritised

 Predictions remain 
virus-specific, with 
distinct permissivity
profiles across viral 
groups
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Virus Family Ablation
 Ablation effects were 

concentrated in specific virus 
families 
 Large family-specific drops 

indicate that virus embeddings 
contribute directly to tissue 
ranking 
 Neutral effects have been 

recorded in some families which 
suggests some reliance on 
shared tissued priors and 
sparse-label instability

F1AUCRecallTop 5 Virus 
Families

0.6630.8420.768Baseline

0.6750.6750.675Caliciviridae

0.7170.7170.717Poxviridae

0.7220.7220.722Orthoherpesviridae

0.7220.7220.722Sedoreoviridae

0.6610.8400.729Adenoviridae
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Embedding 
Space
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Embedding 
Space
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Skin
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Intestine
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Retina
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Urinary Bladder
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Training-positive 
Tissue Density
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Embedding Space
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Future Work & Challenges 
 Expand to broader host ranges to evaluate host-specific tissue 

tropism and see the relationships across hosts
Build an updated curated virus–tissue dataset 
 Improve calibration of permissivity scores beyond ranking 

performance
We would like to validate predictions against experimental 

and pathology-based evidence
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Learn from observed virus–tissue 
interactions

ℒ =  𝛼ℒௗ௜௦௧ + 1 − 𝛼 ℒ௥௔௡௞ + 𝜆 ℒ௖௢௡௧௥௔௦௧

 Learn tissue permissivity from sparse virus–tissue observations  
Optimisation focuses on relative compatibility, not binary 

classification  
 Loss computed only on observed labels (masked supervision)
 Shared model generalises across viruses and tissues
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Tissue-Level Ablation

 Heart ablation produced the 
strongest overall performance 
drop
 Urinary bladder ablation caused 

the largest recall decrease
 Tissue effects were not uniform, 

suggesting that different tissue 
embeddings contribute 
differently to ranking, 
discrimination, and threshold 
classification

F1 % 
decrease

AUC % 
decrease

Recall % 
decreaseTop 5 Tissues

12.5510.319.02Heart

3.534.17.04Skeletal muscle

1.72.536.43Retina

4.111.80.88Endometrium

5.211.7811.68Urinary bladder


