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Abstract

Therapeutic target discovery has traditionally relied on data from human patients
and mouse models, which primarily capture disease states rather than mechanisms
of resistance or repair. Animals with evolved disease-protective adaptations of-
fer complementary insights that, when properly combined with human data, can
drive more discoveries. Here, we introduce CENTAURGNN, a cross-species graph
neural network for novel target discovery. It leverages species-specific message
passing to integrate animal data with large-scale human data. In particular, CEN-
TAURGNN incorporates data from animal disease resistance (ADR) adaptations
to conditions like obesity, heart disease, kidney disease, and neurodegeneration,
providing complementary biological signals to human-only datasets. We demon-
strate that CENTAURGNN has up to 2 times stronger generalizability (via ROC)
to unseen gene-indication associations than state-of-the-art baselines. We also
find that integrating animal data to a model trained only on human data improves
predictive performance by 9% (via ROC). Additionally, feature attribution analysis
confirms the significant contributions of animal data toward CENTAURGNN’s
predictions, with animal-derived features having at least an order of magnitude
higher average importance than human-derived features. Finally, we validate our
findings using gene-based burden tests in the UK Biobank (∼400,000 exomes). Our
analysis shows that CENTAURGNN, when enhanced with ADR data, nominates
an average of 448 more genetically-validated novel targets than our human-only
baseline, indicating its translational potential for drug discovery.

1 Introduction

Identifying novel, effective drug targets is a critical challenge in pharmaceutical research, character-
ized by high costs, long timelines, and a low probability of success [11, 53]. A key reason for this is
a fundamental reliance on data that capture disease states, rather than innate mechanisms of health
and resilience [57]. Preclinical research has historically centered on inducing disease symptoms in
a narrow range of model organisms, offering a limited view of biology that often fails to translate
to human clinical outcomes [18, 21, 34]. This approach overlooks a complementary source of in-
sight: certain animal species have naturally evolved robust mechanisms to resist pressures like heart
disease, kidney disease, metabolic dysfunction, and neurodegeneration [52, 48, 5, 10, 12, 51, 23].
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For example, hibernating ground squirrels develop tau hyperphosphorylation (similar to Alzheimer’s
patients) as they enter hibernation, but are able to reverse this pathology upon arousal [3].

Harnessing these unique biological signals from animal studies requires integrating them with large-
scale human data, a task that machine learning is well-suited for due to its ability to uncover complex
patterns from vast, heterogeneous datasets [60, 1]. To this end, we introduce CENTAURGNN, a novel
cross-species graph neural network designed to enable genome-wide in silico screens by explicitly
bridging this conceptual gap. Our core contributions are:

1. The construction of a large-scale multi-species knowledge graph, CENTAUR, that integrates
human genomic data with high-resolution data from species with animal disease resistance.

2. A species-specific message passing mechanism in CENTAURGNN that captures cross-
species biological principles to enable animal-to-human transfer learning.

We empirically demonstrate that CENTAURGNN’s cross-species integration provides substantial
performance gains in predicting gene-indication associations. Concretely, we investigate the benefit
of leveraging animal disease resistance data to enhance target discovery, and quantify the contribution
of animal data (i.e., animal disease resistance information) towards model predictions.

2 Related Work

2.1 Graph machine learning for biomedicine

Graph machine learning is a predominant approach for encoding complex biomedical systems into
low-dimensional vector embeddings to accelerate discovery [31]. Shallow embedding algorithms
(e.g., DeepWalk [44], node2vec [15]) and message-passing neural networks (e.g., graph convolutional
network [27], GraphSAGE [16], graph attention network [56]) have been widely adapted for biomed-
ical tasks [31, 24]. Contextual graph learning is advancing our understanding of single-cell protein
biology by representing context-specific topology [32]. Few-shot learning on graphs can accelerate
rare disease diagnosis by enriching patients subgraph representations with biomedical knowledge [2].
Heterogeneous graph neural networks (GNNs) have been developed for predicting adverse drug
reactions [13], and graph foundation models are enabling clinician-centered drug repurposing [20].
Our contribution. We design a novel species-specific message passing mechanism to translate the
complex biological signals of ADR across a multi-species knowledge graph.

2.2 Machine learning for target identification

Applying machine learning to target identification has evolved from early feature-based methods to
sophisticated deep learning approaches [58]. Due to the interconnectedness of biology, GNNs have
become a dominant paradigm [9, 20, 32]. Pioneering models like Decagon [60] and DTINet [35]
have demonstrated the ability of GNNs to predict drug-target and drug-drug interactions by learning
on experimentally-derived associations between drugs and proteins. More recently, GNNs that
leverage biological knowledge graphs to learn contextualized embeddings of genes, proteins, and
diseases have facilitated cell type specific target identification and large-scale explainable drug
repositioning [32, 20]. In addition to architectural innovation, integrating diverse datasets and
contexts is critical for models to better capture the complexities of human disease [24, 20, 14]. Our
contribution. We introduce a novel class of complementary data based on preclinical animal studies
on ADR. Our knowledge graph and model architecture leverage the underutilized biological insights
from evolved disease resistance to accelerate target discovery [57, 43].

2.3 Cross-species transfer learning for target discovery

Machine learning has been widely used to enrich human-centric datasets, bridging the translational
gap between preclinical animal research and human outcomes [40]. In particular, transfer learning
enables a model that is trained on animal-derived data (e.g., predicting gene-phenotype relationships in
mice with induced disease) to be adapted for inferring insights in humans [41, 17]. These approaches
often rely on conserved features, such as orthologous gene expression [41, 37], or unified knowledge
graphs that connect animal-derived nodes to human disease nodes [47, 7]. While valuable, this
paradigm is still fundamentally focused on using animals to mimic human disease pathology. Our
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contribution. In contrast, we learn from protective mechanisms that have naturally evolved in certain
species [48, 5]. Our model formalizes this approach via a cross-species GNN, co-training on ADR
and human data to map resilience phenotypes to their corresponding human disease indications.
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Figure 1: Overview of CENTAURGNN. (A) We construct the CENTAUR knowledge graph that
captures both ADR data and large-scale human data. (B) The architecture of CENTAURGNN consists
of a species-aware encoder that integrates cross-species knowledge and an edge type specific decoder
for heterogeneous link prediction. (C) Learning on the CENTAUR knowledge graph, CENTAURGNN
enables genome-wide in silico screening of candidate therapeutic targets.

3 Methods

We introduce CENTAURGNN, a cross-species graph neural network (GNN) that leverages species-
specific message passing to integrate animal disease resistance (ADR) data and human genomic data
for novel target discovery. In this section, we define CENTAURGNN’s architecture, including the
novel species-specific message passing mechanism and objective function, that captures cross-species
biological mechanisms to enable ADR-to-human transfer learning (Figure 1).

3.1 Species-aware graph encoder

CENTAURGNN learns a species-aware graph encoder to generate embeddings that capture ADR-
and human-derived data. It leverages graph attention neural networks (GAT) [56]. Given a graph
G = (V,H+A), CENTAURGNN learns an embedding hl

v at each layer l for node v by aggregating
messages from its neighboring nodes u ∈ Nv via edges derived from cross-species s ∈ {H,A} data:

hl+1
v = σ

( ∑
s∈{H,A}

m(s,l)
vu

)
(1)

where messages m(s,l) are propagated via attention weights α(i,l)
vu computed for each neighbor u

connected to v by species-specific relation i ∈ rs. For notation, we omit l from W unless needed.

m(s,l)
vu =

∑
i∈rs

∑
u∈N (i)

v

(
α(i,l)
vu Wtgt

i hl
u

)
(2)

α(i,l)
vu = softmax

u∈N (i)
v

e(i,l)vu (3)

e(i,l)vu = al⊤i ACT
([

Wsrc
i hl

v∥W
tgt
i hl

u∥W
edge
i evu

])
(4)

where Wsrc, Wtgt, and Wedge refer to weight matrices for source nodes, target nodes, and edges,
respectively. W and ai are learned. ACT refers to the activation function. Features of edges
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evu and nodes h0
v are extracted from the original databases (Section 4.1). The edge type specific

message propagation is aggregated via summation to generate final node embeddings zv that capture
cross-species biomedical knowledge. The number of GNN layers L and attention heads K are
hyperparameters; here, L = 2 and K = 8. Following the first GNN layer is a BatchNorm layer [22]
for normalization, a LeakyReLU activation, and a Dropout layer to mitigate overfitting; only a
BatchNorm layer follows the second GNN layer.

3.2 Heterogeneous edge type specific decoder

For self-supervised learning via heterogeneous link prediction, CENTAURGNN adapts an edge type
specific DistMult [59] decoder:

z(v,r,u) = zTv Qrzu (5)
where zv is the embedding of the source node v, zu is the embedding of the target node u, and Qr is
a trainable edge type specific weight matrix for relation r. The resulting embedding z(v,r,u) is fed
into a two-layer multilayer perceptron (MLP), with ReLU activation and dropout layers in between:

ŷ = σ
(
U2(U1z(v,r,u) + b1) + b2

)
(6)

where U1,U2,b1,b2 are learned. The output is a scalar logit ŷ indicating whether the edge exists.
The number of layers in the MLP is a hyperparameter. To transfer knowledge between different
sources of gene-indication associations (e.g., based on ADR data or human population-level genome-
wide association studies), one learnable weight matrix for gene-indication associations is shared.

3.3 Objective function

CENTAURGNN is trained by optimizing a composite objective function that simultaneously learns
to predict gene-indication associations LGI as well as the underlying topology of the knowledge
graph (LCONTEXT and LOTHER). LCONTEXT focuses on the biological knowledge that provides relevant
contextual information to perform target discovery (e.g., gene-pathway and gene-phenotype relation-
ships), and LOTHER encompasses the remaining biological knowledge that indirectly contributes to
target discovery (e.g., disease ontology). It adapts binary cross entropy loss for L:

LTOTAL = λ1

(
LA

GI + LH
GI

)
+ λ2

(
LA

CONTEXT + LH
CONTEXT

)
+ (1− λ1 − λ2)LH

OTHER (7)

where λ1 and λ2 are hyperparameters. For CENTAURGNN, λ1 = 0.79 and λ2 = 0.2. The ratio of
positive and negative examples for self-supervised link prediction is 1:1.

4 Experimental Setup

4.1 Datasets

CENTAUR is a large-scale multi-species knowledge graph that combines human genomic and clinical
data with high-resolution animal disease resistance (ADR) data (Figure 1a). It is constructed by
integrating data from a wide array of sources, which can be broadly categorized into two groups:
(1) publicly available databases of human pathway, genomics, and disease transcriptomics data,
and (2) proprietary transcriptomic datasets derived from ADR (primarily the thirteen-lined ground
squirrel, Ictidomys tridecemlineatus). Refer to Appendix 7.1 for data statistics on CENTAUR.

We perform the following data processing steps to harmonize gene identifiers between the proprietary
animal data and the external human disease datasets. Animal genes are mapped to human orthologs,
and human Ensembl gene stable identifiers are used as the index for any subsequent graph operations.
Disease indications are mapped via a combination of International Classification of Diseases (ICD-10)
codes, MONDO terms, and Unified Medical Language System (UMLS) disease identifiers. Genetic
variants are indexed based on rs identifiers (or reference SNP cluster IDs).

Public human datasets on human genomics and disease form the backbone of CENTAUR. Dis-
GeNET [46], ClinVar [28], GeneBass [25], and Cortellis [8] provide edges that capture curated
and literature-derived associations between genes, genetic variants, and human diseases and traits.
Genome- and phenome-wide association studies and PheWAS [54] connect genetic variants to pheno-
types and clinical outcomes. To capture functional context, we include protein–protein interactions
and pathway information. MONDO [55] is used to standardize disease and indication terms.
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Proprietary ADR datasets help bridge the translational gap by allowing the model to learn from
biological signals that reflect resistance and repair to pathologies similar to human clinical phenotypes.
ADR phenotypes are nodes in CENTAUR and are linked to human indications. We incorporate
differential gene expression data from internal studies (ADR DE Gene I) and gene co-expression
modules from Weighted Correlation Network Analysis (WGCNA) [29] performed on various animal
tissues; these datasets link genes to specific ADR phenotypes and biological states. CENTAUR is
enriched with high confidence gene-indication links via internal curation (ADR Gene-Indication).

4.2 Baseline, ablations, and implementation details

To evaluate the performance of CENTAURGNN and understand the contribution of its components,
we compare several model configurations. We perform ablation studies by training CENTAURGNN
on different subsets of the CENTAUR knowledge graph: Animal+Human (i.e., curated subset of
non-human genomics animal and human data sources), HumanOnly (i.e., curated subset of human
non-genomics data), and AnimalOnly (i.e., curated subset of ADR data). We additionally evaluate
CENTAURGNN against a transformer-based model that leverages only CENTAUR’s node features
(i.e., without the relational structure) to measure the performance gained by explicitly modeling graph
topology. We also compare against a domain specific model, Exomiser [50] (Appendix 8.4).

Refer to Appendix 7.2-7.4 for implementation details (e.g., model architecture, hyperparameters).

5 Results

We evaluate CENTAURGNN on four key questions. R1: To what extent does incorporating ADR or
large-scale human data affect predictive performance? R2: What components of CENTAUR contribute
the most to nominating therapeutic targets? R3: What is the benefit of ADR data for predicting novel
drug targets? R4: What is the clinical translatability potential and generalizability across multiple
disease indications of CENTAURGNN’s nominated novel targets?

5.1 R1: Benchmarking models that leverage animal disease resistance data

To quantify the effects of incorporating animal disease resistance (ADR) data for predicting thera-
peutic targets, we evaluate CENTAURGNN trained on different subsets of data: human data only,
ADR data only, and combined ADR data with human data. These data subsets are subgraphs of
CENTAUR that contain biological knowledge that provides relevant contextual information to per-
form target discovery. They are curated to isolate the contributions of ADR data versus human
data. CENTAURGNN models that leverage ADR data, namely CENTAURGNN (AnimalOnly) and
CENTAURGNN (Animal+Human), achieve the strongest performance across all metrics (Table 1).
We find that integrating both ADR data and large-scale human data leads to improvements in
all performance metrics compared to modeling human data alone (Table 1).

We also isolate the contribution of the species-specific message passing by comparing CENTAU-
RGNN models against a transformer architecture. Compared to Transformer (Animal+Human),
CENTAURGNN (Animal+Human) achieves 4.2% higher ROC, indicating the significant benefit of our
cross-species message propagation mechanism (Table 1). Further, we compare the predictive perfor-
mance of CENTAURGNN and the transformer architecture trained on the full CENTAUR knowledge
graph. We find that CENTAURGNN achieves stronger performance than the transformer architecture
in all metrics (Table 2). Notably, CENTAURGNN achieves a 5.0% higher ROC than the transformer
baseline (Table 2). These performance gaps underscore the benefit of leveraging ADR data in
addition to large-scale human data, as well as the impact of CENTAURGNN’s species-specific
message propagation and objective function that enable the cross-species data integration.

5.2 R2: Attribution analysis on the contributions of animal disease resistance data

To understand which components of CENTAUR are most influential to CENTAURGNN’s therapeutic
target predictions, we perform attribution analysis using Captum to calculate feature importance
scores. We focus on the attributions for the following indications, chosen due to their relevance to
the physiological adaptations of our primary animal model, the 13-lined ground squirrel (Ictidomys
tridecemlineatus, 13LGS): kidney disease, myocardial reperfusion, obesity, ischemia, and Alzheimer’s
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Table 1: Benchmarking performance in predicting gene-indication associations after being trained on
different subsets of the CENTAUR knowledge graph. These data subsets are subgraphs of CENTAUR,
curated to isolate the contributions of ADR data versus human data. Models are trained on 3 seeds.

Model ROC Accuracy F1 Precision

CENTAURGNN
(HumanOnly) 0.9226± 0.0003 0.8453± 0.0003 0.8543± 0.0005 0.9103± 0.0003

CENTAURGNN
(AnimalOnly) 0.9904± 0.0000 0.9530± 0.0001 0.9534± 0.0002 0.9891± 0.0000

CENTAURGNN
(Animal+Human) 0.9935± 0.0001 0.9708± 0.0001 0.9711± 0.0000 0.9909± 0.0001

Transformer
(Animal+Human) 0.9517± 0.0001 0.8935± 0.0001 0.8962± 0.0002 0.9397± 0.0002

Table 2: Benchmarking performance on predicting gene-indication associations after being trained
on the full CENTAUR knowledge graph. Models are trained on 3 seeds.

Model ROC Accuracy F1 Precision

CENTAURGNN 0.9512± 0.0001 0.8696± 0.0001 0.8692± 0.0001 0.9476± 0.0001

Transformer 0.9010± 0.0001 0.8221± 0.0002 0.8139± 0.0002 0.9061± 0.0001

disease. We compare the attribution scores of animal versus human data in CENTAURGNN, trained
on the full CENTAUR knowledge graph, and CENTAURGNN (Animal+Human) (Appendix 8.5).

The mean attribution scores of ADR data are consistently at least an order of magnitude higher
than those of human data (Table 3; sum-aggregated scores are in Appendix 8.5). In CENTAURGNN,
the average animal-derived node is approximately 35 times more influential than the average human-
derived node; similarly, the average animal-derived edge has 25 times higher influence (Appendix
Table 17). Further, the average animal-derived edge and node are about 119 times and 23 times more
influential, respectively, in CENTAURGNN (Animal+Human) (Appendix Table 18).

Table 3: Mean attribution scores of CENTAURGNN (trained on the full CENTAUR knowledge graph)
and CENTAURGNN (Animal+Human) for animal- or human-derived graph components.

Data Origin Component Type CENTAURGNN
Mean Attribution

CENTAURGNN (A+H)
Mean Attribution

Animal Edges 8.765× 10−2 7.648× 10−2

Human Edges 3.546× 10−3 6.448× 10−4

Animal Nodes 5.806× 10−5 2.371× 10−5

Human Nodes 1.680× 10−6 1.036× 10−6

Notably, ADR data indicate high feature importance despite only making up 0.35% of nodes and
5.90% of edges in CENTAUR (Figure 2). Of the nodes and edges that contribute to the CENTAURGNN
model’s predictions of therapeutic targets, 13.7% and 25.3% are animal-derived nodes and edges,
respectively. In the CENTAURGNN (Animal+Human) model, edges derived from animal studies
have higher feature importance (57.7%) than those of humans despite only making up 1.6% of
the edges in the Animal+Human subset of CENTAUR (Appendix Figure 3b). Our attribution analyses
demonstrate the substantial benefits of leveraging ADR data for target discovery.

5.3 R3: Contribution of animal disease resistance data to model generalizability

To approximately quantify the translational value of ADR data, we evaluate CENTAURGNN models’
ability to generalize to unseen, out-of-distribution gene-indications. Concretely, all gene-indication
edges from the GeneBass dataset, which summarizes the exome-based genetic analyses on ∼400,000
participants in the UK Biobank, are held out from training. We compare the performance of
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Figure 2: Counts of (A) nodes or (B) edges compared to their corresponding overall contribution
(or attribution) to predictions of the CENTAURGNN model. Refer to Appendix Figure 3 for this
attribution analysis on the CENTAURGNN (Animal+Human) model.

CENTAURGNN and baselines trained to predict gene-indication associations from other sources
excluding human genomics data on zero-shot prediction of unseen associations from GeneBass.

Our results demonstrate the benefits of incorporating ADR data for improving model generalizability
(Table 4). CENTAURGNN (Animal+Human) achieves the highest performance across nearly all
metrics, with an average ROC of 0.8636. Notably, it outperforms CENTAURGNN (HumanOnly) by
almost 9% in ROC. Interestingly, CENTAURGNN (AnimalOnly), a model that is trained only on ADR
data, performs better than CENTAURGNN (HumanOnly) by nearly 6% in ROC. This suggests that
ADR data is informative for inferring therapeutic targets that may be effective in humans. The
performance gains are likely due to the transcriptomic and gene-phenotype associations in the ADR
data, which provide genomic evidence that support generalizability to unseen gene-indication
associations derived from human genomics. Such an advantage is particularly evidenced by the
improvement over CENTAURGNN (HumanOnly), which is trained on human non-genomics data.
The additional performance lift by CENTAURGNN models trained on both ADR data and human
data underscores their synergistic effects. Further, ablating the species-specific message passing
mechanism, as shown by the transformer baseline, leads to a substantial decrease in all performance
metrics. For instance, the Transformer(Animal+Human) baseline yields a 52% decrease in ROC
compared to CENTAURGNN (Animal+Human). This suggests that cross-species data integration
via CENTAURGNN’s species-specific message passing improves model generalizability.

Table 4: Model generalizability on predicting out-of-distribution targets (i.e., gene–indication
associations). The threshold (Youden’s J Statistic) for CENTAURGNN (HumanOnly), CENTAURGNN
(AnimalOnly), CENTAURGNN (Animal+Human), and Transformer (Animal+Human) are 0.7109,
0.6982, 0.3391, and 0.4739, respectively. Models are trained on 3 seeds.

Model ROC Accuracy F1 Precision

CENTAURGNN
(HumanOnly) 0.7739± 0.0008 0.7186± 0.0007 0.6924± 0.0006 0.7412± 0.0009

CENTAURGNN
(AnimalOnly) 0.8311± 0.0005 0.7664± 0.0013 0.7877± 0.0021 0.7756± 0.0017

CENTAURGNN
(Animal+Human) 0.8636± 0.0002 0.8245± 0.0001 0.8433± 0.0005 0.7756± 0.0006

Transformer
(Animal+Human) 0.4161± 0.0001 0.5001± 0.0000 0.6667± 0.0000 0.4314± 0.0002

5.4 R4: Evaluating the clinical translatability potential of nominated novel predictions using
human genetic evidence

Drug targets supported by human genetic evidence are predicted to be 2.6 times more likely to
succeed in clinical development compared to those without such support [38]. We evaluate the
contribution of ADR data on the human relevance and clinical translatability of predicted novel
targets. Concretely, we compare the novel predictions generated by CENTAURGNN (Animal+Human)
and CENTAURGNN (HumanOnly) in the GeneBass exome-based genetic analyses of nearly 400,000
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participants from the UK Biobank [26, 6]. Novel target predictions are defined as those surpassing
the Youden’s J Statistic thresholds (Table 4), which are computed on the validation set of each model.

Our analysis focuses on five indications: kidney disease, myocardial reperfusion, obesity, ischemia,
and Alzheimer’s disease. For each indication, we aggregate the corresponding UK Biobank phe-
nocodes to define testable human disease-relevant endpoints (Appendix Table 19). In brief, for
each indication-specific novel prediction, we evaluate gene-based association tests in 394,841
exome-sequenced UK Biobank participants [26], considering both the predicted loss-of-function
(pLOF) and missense variant masks. A prediction is “validated" to have human genetic support if it
shows a significant association (p < 0.05) in any of the gene-based burden, SKAT-O, or SKAT tests
for at least one UK Biobank phenocode mapped to the relevant indication.

For all five indications, CENTAURGNN (Animal+Human) produces a greater number of validated
novel predictions compared to CENTAURGNN (HumanOnly) (Table 5). On average across the five
indications, 448 validated predictions are unique to CENTAURGNN (Animal+Human) (Table 5).
These results demonstrate that integrating ADR data produces novel targets that would not have
been prioritized by CENTAURGNN (HumanOnly), and even prioritizes a larger pool of novel
targets with clinical translatability potential across multiple disease contexts.

Table 5: Validation of novel therapeutic target predictions for five indications by CENTAU-
RGNN (Animal+Human) and CENTAURGNN (HumanOnly) using human genetics evidence from
nearly 400,000 UK Biobank exome sequenced participants. “Total" indicates the total number of
novel targets predicted, a subset of which are validated by human evidence (“Validated").

Indication Animal+Human HumanOnly Animal+Human &
not in HumanOnly

Total Validated Total Validated Validated

Kidney disease 176 167 40 38 160

Myocardial reperfusion 224 211 0 0 211

Obesity 679 628 7 7 624

Ischemia 628 590 0 0 590

Alzheimer’s disease 914 660 7 6 657

6 Conclusion

We have addressed a fundamental limitation in drug discovery of over-relying on data from disease
states. We introduce CENTAURGNN, a cross-species GNN that learns from mechanisms of ADR. By
integrating these unique biological signals with large-scale human data, CENTAURGNN effectively
translates insights from naturally protected animals into human therapeutic contexts.

Our comprehensive experiments support two central hypotheses: (1) ADR data provides complemen-
tary signals for target discovery, as confirmed through benchmarking and feature attribution analysis;
and (2) a specialized graph-based architecture is essential for integrating these disparate data sources.
We show that CENTAURGNN’s species-specific message passing outperforms transformer-based
baselines, highlighting the importance of explicitly modeling biological relationships. Further, we
demonstrate the impact of translating insights from animal to human contexts through CENTAU-
RGNN’s ability to nominate on average 448 more novel drug targets, validated with independent
human genetics evidence, than models relying on human data alone.

Broadly, our work establishes a framework for a new class of target discovery models, demonstrat-
ing that specialized cross-species graph neural networks enable the systematic mining of the evolved
disease resistance and repair capabilities of the animal kingdom. Ultimately, our findings indicate
that by shifting the focus from modeling disease to learning from resilience, we can unlock a new
source of therapeutic targets with strong translational potential.
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7 Appendix: Data and Methods

7.1 CENTAUR Knowledge Graph

We evaluate CENTAURGNN on the CENTAUR knowledge graph, including subsets of the data for
various ablation analyses (Tables 6-8).

Table 6: Node types and counts of the CENTAUR knowledge graph. “Source" indicates whether the
node is derived from animal or human data.

Node type Counts Source Category

Variant 211,992 Human Genomics
Metabolite Pathway 48,655 Human Pathway
Gene Pathway 30,481 Human Pathway
Indication 29,900 Human Indication
Protein 19,909 Human Target
Gene 19,822 Human Target
Publication 4578 Human Annotation
Indication Pathway 2489 Human Pathway
Trait 2107 Human Indication
ADR WGCNA 1229 Animal Transcriptomics
Genomic Phenotype 1186 Human Genomics
ADR Phenotype 76 Animal Indication

Table 7: Edge types and counts of the CENTAUR knowledge graph. “Source" indicates whether the
node is derived from animal or human data.

Edge type Counts Species Category

Gene Pathway 3,793,726 Human Pathway
Protein Interactions I 710,561 Human Annotation
Protein Pathway 303,045 Human Pathway
DisGeNet Variant 259,706 Human Genomics
Gene in ADR WGCNA Module 253,790 Animal Transcriptomics
Genomic Publication 148,945 Human Genomics
Trait Association 145,230 Human Genomics
Indication Pathway 116,927 Human Pathway
Disease Transcriptomics 88,629 Human Transcriptomics
DisGeNet Gene 76,022 Human Annotation
ADR Gene-Indication 72,362 Animal Indication
Protein Interactions II 61,719 Human Annotation
Genomic Association 60,692 Human Genomics
GeneBass 53,881 Human Genomics
Cortellis 31,553 Human Indication
ADR DE Gene I 25,240 Animal Transcriptomics
Gene Annotation 19,859 Human Annotation
ADR DE Gene II 12,687 Animal Transcriptomics
Indication Association 11,334 Human Indication
MONDO 10,113 Human Pathway
ADR GRN 9519 Animal Pathway
Clinvar 9136 Human Annotation
Indication Interactions 7875 Human Annotation
Variant Association 3246 Human Genomics
DisGeNET enrichment for ADR WGCNA Module 2189 Animal Pathway
Variant Phenotype 1118 Human Genomics
Variant 1096 Human Genomics
Publication 751 Human Annotation
Indication Mapping for ADR Phenotype 49 Animal Indication
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Table 8: Node and edge counts of the input graph for each model configuration (i.e., full CENTAUR
knowledge graph, Animal+Human, AnimalOnly, or HumanOnly). Animal- or human-derived edges
are subsets of the total edges in CENTAUR

Configuration Total nodes Total edges Animal-derived edges Human-derived edges

Full 372,424 6,346,903 364,240 5,982,663
Animal+Human 132,510 5,417,983 119,544 5,298,439
AnimalOnly 18,942 364,284 364,284 0
HumanOnly 119,487 5,031,714 0 5,031,714

7.2 Model Architectures and Parameters

Table 9 details the architectural specifications, including the total number of trainable parameters, for
CENTAURGNN, baselines, and ablations.

Table 9: Architectural specifications and total parameter counts for all evaluated models. Hidden
channels per layer are separated by a comma.

Model Encoder
layers

Decoder
layers

Hidden
channels

Output
channels

Decode
channels Heads Total

Parameters

CENTAURGNN 2 2 64 32 16 8 628842273
CENTAURGNN
(Animal+Human) 3 1 96, 64 32 16 4 347302785

CENTAURGNN
(AnimalOnly) 3 1 96, 64 32 16 4 103084033

CENTAURGNN
(HumanOnly) 3 1 96, 64 32 16 4 237303169

Transformer 4 – 256 – – 8 85977345
Transformer
(Animal+Human) 4 – 256 – – 4 63337217

7.3 Hyperparameters

All models are optimized via the Adam optimizer. We perform a hyperparameter sweep for each
model configuration to select its best hyperparameters (Table 10).

Table 10: Training hyperparameters used for each model configuration. “Neighborhood" refers to the
number of neighbors at each layer. “Epochs" refers to the epoch of the best model checkpoint.

Model Learning rate Weight decay Dropout Neighborhood λ1, λ2 Epochs

CENTAURGNN
(HumanOnly)

1.46× 10−4 2.32× 10−5 0.608 13, 5, 2 0.79, 0.20 72

CENTAURGNN
(AnimalOnly)

1.46× 10−4 2.32× 10−5 0.608 13, 5, 2 0.79, 0.21 149

Transformer
(Animal+Human)

2.80× 10−4 2.35× 10−4 0.367 12, 3, 3 N/A 21

CENTAURGNN
(Animal+Human)

1.46× 10−4 2.32× 10−5 0.608 13, 5, 2 0.79, 0.20 44

Transformer 1.52× 10−4 7.70× 10−5 0.638 10, 5, 1 N/A 52
CENTAURGNN 2.72× 10−4 4.05× 10−5 0.713 13, 3 0.79, 0.20 21

7.4 Implementation Details

We construct and analyze the CENTAUR knowledge graph using Neo4j and the py2neo toolkit.
CENTAURGNN, baselines, and ablations are developed using Pytorch and Pytorch Geometric.
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Models are trained on NVIDIA H100 80 GB (SXM, Hopper architecture). Standard deviation is
computed by training models on three seeds: 32, 42, and 52.

8 Appendix: Results

8.1 Benchmarking ADR Models

We apply the one-sided student t-test to show that both AnimalOnly and Animal+Human models
significantly outperform the HumanOnly model across all reported metrics (Table 11). The gains in-
dicate that ADR data contributes complementary signal beyond human data alone and that integrating
ADR data yields robust improvements in generalization.

Table 11: One-sided Student’s t-test: leveraging ADR data significantly improves performance.

Comparison Metric p-value

AnimalOnly > HumanOnly

ROC 2.38× 10−6

Accuracy 9.27× 10−9

F1 7.78× 10−8

Precision 1.84× 10−6

Animal+Human > HumanOnly

ROC 3.64× 10−7

Accuracy 9.36× 10−8

F1 2.57× 10−6

Precision 5.86× 10−7

8.2 Data size and Model Performance

We compare dataset size (number of nodes and edges) with model performance to assess whether
a relationship exists (Table 12). We find that data size does not correlate with performance. For
instance, CENTAURGNN (AnimalOnly) is trained on the smallest subset of data, but its performance
is ranked between that of CENTAURGNN (Animal+Human) and CENTAURGNN (HumanOnly).

Table 12: Comparing the performance of CENTAURGNN models and the numbers of nodes and
edges in the underlying knowledge graph.

Model # nodes # edges ROC Accuracy F1 Precision

CENTAURGNN
(Animal+Human) 132,510 5,417,983 0.9935 ± 0.0001 0.9708 ± 0.0001 0.9711 ± 0.0000 0.9909 ± 0.0001
CENTAURGNN
(AnimalOnly) 20,042 366,314 0.9904 ± 0.0000 0.9531 ± 0.0006 0.9534 ± 0.0002 0.9891 ± 0.0000
CENTAURGNN
(HumanOnly) 129,887 5,138,004 0.9226 ± 0.0003 0.8453 ± 0.0003 0.8543 ± 0.0005 0.9103 ± 0.0003

8.3 Loss Function Ablation

We ablate different components of the loss function (Lgi,Lcontext,Lrest) to evaluate the contribution
of different subsets of our data (Table 13). We evaluate three ablations: Ablation I drops Lcontext

and Lrest; Ablation II drops Lrest; and Ablation III drops Lcontext. We find that the full model,
CENTAURGNN, outperforms all ablations.

Table 13: Comparing the performance of CENTAURGNN and loss ablations.

Model ROC Accuracy F1 Precision

CENTAURGNN 0.9512± 0.0001 0.8696± 0.0001 0.8692± 0.0001 0.9476± 0.0001
Ablation I 0.9374± 0.0001 0.8574± 0.0002 0.8524± 0.0001 0.9329± 0.0002
Ablation II 0.9407± 0.0001 0.8628± 0.0002 0.8578± 0.0004 0.9352± 0.0001
Ablation III 0.9378± 0.0001 0.8584± 0.0002 0.8537± 0.0002 0.9332± 0.0002
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8.4 Evaluation Against Domain-Specific Models

We evaluate CENTAURGNN against domain-specific models. After surveying cross-species and
related machine learning literature, we find that Exomiser [50] is the only domain-specific model
that is appropriate to compare against our approach. It uses model organism phenotype annotations
(e.g., mouse, zebrafish) to score the similarity of the input Human Phenotype Ontology (HPO)
terms and candidate causal genes (i.e., gene that harbors the variant that causes the disease). While
there exist many efforts to model cross-species relationships for biological discovery, they are not
comparable to our approach because of at least one of the following:

• Data mismatch (e.g., need ortholog/grouped multi-species networks, additional annotations,
or IsoRank alignments): GenePlexusZoo [37], ETNA [30], NetQuilt [4].

• Task mismatch (e.g., optimize alignment/semantic similarity, not binary gene–indication
link prediction): PhenoMeNET [19], SemSimian [47].

• Interface mismatch (e.g., produce embeddings/alignments requiring custom link-prediction
heads and nonstandard evaluation): DapBCH [49], SATL [42], SANA [36].

• Modality/domain mismatch (e.g., single-cell transfer, genotype–image, or intra-human
transfer): G2PDiffusion [33], CEU–YRI [39], GO–HPO [45].

To evaluate Exomiser on the indications in our test set, we map the indication IDs
(ICD10/UMLS/MONDO) to HPO Phenotypes. Among the 4,713 (out of 9,369) indications that can
be mapped to HPO terms, we perform a fair comparison by evaluating both CENTAURGNN and
Exomiser on the exact same set of gene-indication pairs. This ensures that differences in performance
reflect model capability rather than differences in evaluation data. We construct a test set that spans
4,362 indications and 18,580 genes. We find that CENTAURGNN substantially outperforms
Exomiser across all metrics (Table 14).

Table 14: Benchmarking CENTAURGNN against domain-specific model, Exomiser.

Model ROC Accuracy F1 Precision

Exomiser 0.6542 0.6133 0.6401 0.6537
CENTAURGNN 0.9550 0.8834 0.8925 0.9026

8.5 Model Attributions

To quantify the overall contribution of each data type, we compute the mean of the summed absolute
attributions (Tables 15-16). This metric represents the average total importance per prediction for each
feature set (Node/Edge, Human/Animal). We additionally calculate the mean of absolute attribution
scores (Tables 17-18), or the average impact of an individual feature normalized by the number of
features in each category. We break down these scores by disease indication, reporting the mean
across all indications and the fold-difference between human and animal data.

Table 15: Sum attribution scores per indication for predicting gene-indication associations using
CENTAURGNN models.

Indication Abs Node
(Animal)

Abs Node
(Human)

Abs Edge
(Animal)

Abs Edge
(Human)

Alzheimer disease 18.66 125.86 45.01 193.14
Ischemia 27.01 117.12 95.23 132.18
Kidney diseases 5.28 38.83 13.04 73.99
Myocardial reperfusion
injury

3.41 11.82 6.27 17.53

Obesity 15.68 147.75 46.67 191.76

Mean 14.01 88.28 41.24 121.72
6x 3x
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Table 16: Sum attribution scores per indication for predicting gene-indication associations using
CENTAURGNN (Animal+Human) models.

Indication Abs Node
(Animal)

Abs Node
(Human)

Abs Edge
(Animal)

Abs Edge
(Human)

Alzheimer’s disease 22.59 52.53 65.36 49.62
Ischemia 10.02 26.28 50.31 31.12
Kidney diseases 6.74 5.60 14.54 7.16
Myocardial reperfusion
injury

6.48 14.16 40.41 24.58

Obesity 10.22 18.53 32.25 36.50

Mean 11.21 23.42 40.57 29.80
2x 0.73x

Table 17: Mean attribution scores per indication for predicting gene-indication associations using
CENTAURGNN models.

Indication Abs Node
(Animal)

Abs Node
(Human)

Abs Edge
(Animal)

Abs Edge
(Human)

Alzheimer’s disease 5.64× 10−5 1.17× 10−6 1.20× 10−1 5.62× 10−3

Ischemia 1.67× 10−4 2.41× 10−6 1.98× 10−1 3.71× 10−3

Kidney diseases 1.40× 10−5 2.50× 10−6 3.64× 10−3 2.24× 10−3

Myocardial reperfusion injury 1.49× 10−5 4.31× 10−7 1.57× 10−3 4.13× 10−4

Obesity 3.79× 10−5 1.89× 10−6 1.14× 10−1 5.74× 10−3

Mean 5.81× 10−5 1.68× 10−6 8.76× 10−2 3.55× 10−3

35x 25x

Table 18: Mean attribution scores per indication for predicting gene-indication associations using
CENTAURGNN (Animal+Human) models.

Indication Abs Node
(Animal)

Abs Node
(Human)

Abs Edge
(Animal)

Abs Edge
(Human)

Alzheimer’s disease 3.56× 10−5 1.09× 10−6 1.81× 10−1 1.46× 10−3

Ischemia 1.20× 10−5 7.70× 10−7 9.32× 10−2 4.68× 10−4

Kidney diseases 1.54× 10−5 1.33× 10−6 5.86× 10−3 1.80× 10−4

Myocardial reperfusion injury 2.38× 10−5 1.41× 10−6 2.66× 10−3 2.23× 10−4

Obesity 3.18× 10−5 5.81× 10−7 9.93× 10−2 8.93× 10−4

Mean 2.37× 10−5 1.04× 10−6 7.65× 10−2 6.45× 10−4

23x 119x

Figure 3: Comparing the counts of (A) nodes or (B) edges to their corresponding overall contribution
(or attribution) to predictions of CENTAURGNN (Animal+Human). Preclinical animal data is more
scarce than human data, yet they account for a much larger share (relative to their size) of the
information that CENTAURGNN (Animal+Human) relies on to predict gene-indication associations.
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8.6 UK Biobank Phenocodes

We provide a list of phenocodes used for each phenotype analyzed in this study (Table 19), defined in
Karczewski et al. [25]

Table 19: Corresponding UK Biobank phenocodes to selected indications.

Indication UK Biobank phenocodes

Alzheimer’s disease Alzheimers_custom1, Alzheimers_custom2, 130836, 131036,
FH_Alzheimer_disease_dementia_custom, 130840, 130842,
Frontotemporal_dementia_custom, 20018, 20002

Heart disease 131300, 131298, 20002, 6150, 131304, 131306, CAD_custom, 131288, 20002, 6150,
20002, 131288, 131294, 131286, 131354, heart_failure_custom, 20002, 6150, 6150,
20004, 131310, FH_Heart_disease_custom, 131356, 132474, 20004, 20002, 20002,
20004, 20002, 131346, 131352, 131338, 20002

Ischemia 131304, 20002, 131306, 131056, 20002, 131346, 131300, 131298, 20002, 6150,
CAD_custom, 131288, 20002, 6150, 20002, 131288, 131294, 131286, 6150, 6150,
20004, 20002, 131346, 131352

Kidney disease 20002, 132034, 131290, 132014, 132032, 132050, 20002, 132044, 132532, C64,
132530, 41210, 132036, 132042, 20002, 132046, 20002, 20004, 20002, 20004, 20001,
20002, 132030

Liver disease NAFLD_custom, 131668, 20002, 131670, 131666, 132244, 20004, C22,
all_cause_liver_custom, 131658, 41210

Myocardial 41200, 131304, 20002, 131306, 131056, 20002, 131346, 131300, 131298, 20002, 6150,
CAD_custom, 131288, 20002, 6150, 20002, 131288, 131294, 131286, 6150, 6150,
20004, 20002, 131346, 131352

Obesity 130792, 21001, BMI_custom, BMI_male_custom, 23104, BMI_female_custom,
waist_circ_male_custom, WCadjBMI_female_custom, WCadjBMI_custom, 48,
waist_circ_custom, waist_circ_female_custom, WCadjBMI_male_custom,
WHR_custom, WHR_female_custom, WHRadjBMI_custom,
WHRadjBMI_female_custom, WHR_male_custom, WHRadjBMI_male_custom,
weight_male_custom, weightadjheight_custom, weightadjheight_male_custom, 21002,
weight_custom, 23098, weightadjheight_female_custom, weight_female_custom,
23099, BFPadjBMI_custom, BFPadjBMI_female_custom, body_fat_percent_custom,
body_fat_percent_female_custom, BFPadjBMI_male_custom,
body_fat_percent_male_custom, 23100
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