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SUMMARY

Bacteriophages (phages) are increasingly viewed as a promising alternative for the treatment of antibiotic-
resistant bacterial infections. However, the diversity of host ranges complicates the identification of target
phages. Existing computational tools often fail to accurately identify phages across different bacterial spe-
cies. In this study, we present GE-PHI, a machine-learning-based model for predicting phage-host interac-
tions (PHIs) by integrating knowledge graph embedding algorithm with a large-scale protein language model.
First, a phage-host heterogeneous association network (PHAN) was constructed that incorporated phage-
phage and host-host similarity networks. Then, the multi-relational Poincaré graph embedding (MuRP) was
used to extract topological patterns. Additionally, we employed the ESM-2 protein language model to capture
evolutionary information from phage tail proteins and host-receptor-binding proteins. GE-PHI achieved a
cross-validation area under the curve (AUC) of up to 0.9453 in silico and maintains this performance in case
studies. This study provides insights into machine-learning-guided phage therapeutics and diagnostics in mi-

crobial engineering.

INTRODUCTION

Existing studies have suggested that bacterial infections are
associated with a variety of diseases, such as cancer,’ pneu-
monia,® asthma,® and as so on. Since the discovery of the first
penicillin in 1928, various antibiotics have been extensively
applied to treat bacterial infections in human and animals.” Unfor-
tunately, many bacteria have developed drug-resistance mecha-
nisms due to the extensive misuse of antibiotics, leading to the
emergence of super bacteria.” The Centers for Disease Control
and Prevention (CDC) in the United States reported an estimated
2.8 million cases of infections resistant to antibiotics occurring
each year. According to the investigation in The Lancet, more
than 1.27 million people died from antimicrobial resistance in
2019.° In addition, the European CDC reported that 35,000
people die each year from antibiotic-resistant infections.” Even
worse, many pharmaceutical companies have ceased devel-
oping new antibiotics due to the high cost and time-consuming
process. Therefore, it is crucial to develop alternative treatments
to curb the continued spread of antibiotic-resistant infections.

Bacteriophages (phages) are among the most abundant and
diverse organisms on Earth, which are capable of not only elim-
inating specific bacteria hosts but also replicating themselves.®
Because of these properties, phage therapy has garnered
increasing attention in recent years.® Identifying phage-host in-
teractions (PHIs) can help researchers find candidate phages
and determine their hosts ranges. However, most existing micro-
biological methods are intensive and cumbersome. As a result,
scientists are devoted to provide computational methods for
predicting PHIs, facilitating in vivo validation and contributing
to the treatment of bacterial infections.'®

The co-evolutionary processes at the molecular and ecological
levels have shaped the genomes of phages and bacteria, leaving
distinct signatures within their genomic sequences that re-
searchers can utilize to predict PHIs.""'? Consequently, many
computational approaches have been proposed to predict
PHIs using genomic sequence information.”® For example,
Song et al. developed Prophage Hunter, which identifies active
prophages from bacterial genomes by combining sequence-sim-
ilarity-based matching with machine learning classification.'*
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Boeckaerts et al. proposed a machine learning model called
PhageHostLearn, which utilized sequence information to predict
initial phage-Klebsiella pairs at the strain level.'® Wang et al. pro-
posed DeepHost model, which uses spaced k-mer pairs to ac-
count for sequence variations. This model is particularly effective
for genomes with limited homology to existing datasets and of-
fers faster processing than BLAST.'® Despite these excellent per-

formance in field of PHI prediction, several challenges remain."’

First, these methods struggle to predict interactions involving
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Figure 1. The flowchart of GE-PHI

(A) The construction of heterogeneous association
network.

(B) The extraction process of knowledge-graph-
embeddings-based topology structure informa-
tion.

(C) BERT-based ESM-2 training process for en-
coding protein sequences information.

(D) The training and predicting process of XGBoost.

novel or highly divergent phages.'® Sec-
ond, many methods lack the ability to
integrate multi-modal data, such as pro-
tein-protein interactions (PPIs) or environ-
mental context, which can provide more
comprehensive insights into PHIs. More-
over, these methods lack interpret-
ability."®?° For instance, deep-learning-
based models operate as “black boxes”
that make it difficult to explore underlying
biological mechanisms.?’

Recently, knowledge graph embed-
ding (KGE) algorithms have attracted
considerable attention in many bioinfor-
matics fields, such as drug-drug interac-
tion prediction,?® transcription factor-
gene prediction,”® and polypharmacy
side-effect prediction.?* KGE can repre-
sent complex biological relationships in
a low-dimensional space, concurrently
retaining inherent structure and connec-
tivity. This capability makes KGE particu-
larly well suited for integrating diverse
types of biological information (e.g., pro-
teins, drugs, and genomes) into a unified
predictive framework.?®>  Additionally,
KGE algorithms have the potential to
capture both direct and indirect relation-
ships between microbial entities, such
as phages, bacterial hosts, and their
associated genomic features.

Inspired by abovementioned excellent
techniques, we propose a computational
framework named GE-PHI, as shown in
Figure 1, which predicts potential PHIs
by integrating knowledge graph embed-
ding with a large-scale protein language
model. Specifically, we first construct a

phage-host heterogeneous association network (PHAN) by
incorporating phage-phage and host-host similarity networks
into a unified interaction network. To capture the intricate micro-
bial relationships within PHAN, we employed the multi-relational
Poincaré graph embedding (MuRP) algorithm, a state-of-the-art
KGE technique that leverages hyperbolic geometry to model
the hierarchical and multi-relational structure of PHAN. In paral-
lel, an advanced protein language model, ESM-2, was used to
extract rich sequence features from phage tail proteins and
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Table 1. Prediction performance of GE-PHI on the PHI task under 5-fold CV scheme

Acc F1 Pre Rec MCC AUC AUPR
Fold 1 0.8688 0.8724 0.8465 0.9000 0.7390 0.9446 0.9455
Fold 2 0.8974 0.9013 0.8725 0.9319 0.7965 0.9547 0.9548
Fold 3 0.8665 0.8682 0.8571 0.8796 0.7332 0.9301 0.9280
Fold 4 0.8953 0.8974 0.8794 0.9162 0.7913 0.9525 0.9518
Fold 5 0.8997 0.9026 0.8800 0.9263 0.8006 0.9447 0.9234
mean 0.8855 0.8884 0.8671 0.9108 0.7721 0.9453 0.9407
Std 0.0164 0.0167 0.0148 0.0212 0.0331 0.0086 0.0127

host-receptor-binding proteins (RBPs). The topological insights
from MuRP and evolutionary information from ESM-2 are com-
bined to create comprehensive feature vectors, which are sub-
sequently integrated and processed by XGBoost classifier for
final training and prediction. Experimental results demonstrated
that our model outperforms state-of-the-art methods and some
baseline algorithms. Ablation studies and case study experi-
ments indicate the superior predictive accuracy and robustness
of GE-PHI. This integrated approach not only enhances the pre-
cision of PHI predictions but also provides profound insights into
the evolutionary and functional dynamics of PHIs, advancing the
discovery of therapeutic phages and contributing significantly to
global efforts against antibiotic resistance.

RESULTS

Prediction evaluation of the GE-PHI model

The performance of the proposed model was evaluated on the
PHI dataset under 5-fold cross-validation strategy, and the
detailed experimental results are summarized in Table 1. As
visible from the table, GE-PHI achieved an average prediction ac-
curacy of 0.8855. The accuracy of five experiments was 0.8688,
0.8974, 0.8665, 0.8953, and 0.8997, and the standard deviation
was 0.0164. At the F1-score, Precision, Recall, and MCC scores,
GE-PHI yielded 0.8884, 0.8671, 0.9108, and 0.7721, with stan-
dard deviations (std) of 0.0167, 0.0148, 0.0212, and 0.0331,
respectively, with the highest AUC score reaching 0.9549. The
ROC and area under the precision-recall (AUPR) curves are pre-
sented in Figure 2. These results not only demonstrate that the
proposed GE-PHI model performs outstandingly on the phage-
host prediction task but also suggest that it generalizes well
across different folds, indicating its reliability and potential for
broader application in PHI prediction.

Comparison with state-of-the-art models
To demonstrate the effectiveness of the GE-PHI model, we
compared it with the following state-of-the-art models.
PHIAF?® used a generative adversarial network (GAN) module
to construct data augmentation and a sequence-based feature
fusion technique to predict PHIs. The combination of GAN and
sequence information aims to enhance the diversity and robust-
ness of the training samples and improve the prediction ability.
GSPHI?" is a deep learning framework that performed PHI
prediction based on graph embedding method and natural
language processing module. It leverages the structural infor-
mation in graphs and the contextual information from se-

quences, making it particularly effective in understanding mi-
crobial mechanisms.

WIsH?® identifies candidate hosts for phages by analyzing
their genomic sequences. It trains a Markov model to calculate
the interaction scores between phages and hosts.

PredPHI*° is a deep learning model that predicts PHIs based
on protein sequence information and a convolutional neural
network (CNN).

As illustrated in Figure 3, GE-PHI outperforms these methods
in terms of both AUC and AUPR values. Specifically, compared
with the next best model, GSPHI, our model achieves an impres-
sive enhancement of 2.45% in AUC and 4.47% in AUPR. We
attribute these improvements to several factors in GE-PHI
framework. First, the utilization of MuRP encodes the topological
information of PHAN into a hyperbolic space, which is particu-
larly suitable for extracting the intricate relationships in complex
microbial networks. Additionally, the incorporation of the ESM-2
module allows our model to capture the structural feature of
amino acid sequences, which can lead to more robust and accu-
rate results.

Parameter sensitivity analysis

In the XGBoost classifier, the max depth n controls the model’s
complexity by limiting the depth of the tree, whereas the min
weight k helps prevent overfitting by specifying the minimum
sum of instance weights in a child node. To achieve the optimal
performance of GE-PHI, we conducted a comprehensive grid
search to find the best parameters. During this process, both n
and k were ranged from 1 to 30, and the prediction task was
repeated 900 times.

The contour plot (Figure 4) illustrates the relationship be-
tween max depth, min weight, and the resulting accuracy of
the model. It can be observed that as the depth n increases,
the accuracy improves until reaching a saturation point, beyond
which the model’s performance begins to stabilize. This trend
indicates that deeper trees provide a more detailed representa-
tion of the data but can reach a point of diminishing returns.
Similarly, for min weight k, increasing values initially lead to im-
provements in accuracy, likely due to the mitigation of overfit-
ting by restricting the influence of low-weight nodes. However,
after a certain threshold, further increases in k lead to a plateau,
where additional constraints do not result in significant perfor-
mance gains.

The plot highlights the optimal parameter combination, where
n =4 and k = 6, which yields the highest accuracy. This suggests
that the model benefits from moderate tree complexity and a
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Figure 2. The ROC and AUPR curves obtained from the GE-PHI model on the PHI dataset

(A) The ROC curves obtained from GE-PHI model.
(B) The AUPR curves obtained from the GE-PHI model.

balanced restriction on node weight, leading to a well-regularized
model that avoids overfitting while capturing the essential pat-
terns in the PHI data. The smooth upward slope in accuracy as
n and k approach their optimal values confirms that the GE-PHI
model is robust to small changes in these parameters, providing
reliable performance across a range of settings.

Prediction evaluation on independent dataset

To assess the generalization ability of GE-PHI, we applied it to an
independent dataset that is constructed by Acinetobacter bau-
mannii. Specifically, we excluded all data related to A. baumannii
and its phages from the original dataset, using them exclusively
as the test set. The remaining data were used to train the predic-
tion model. In this way, the overlaps in hosts and phages in the
training and testing sample can be avoided. This approach
also evaluates the model’s ability to predict interactions involving
unseen bacteria or phages and tests the robustness and appli-
cability to scenarios.

The detailed experimental results are presented in Table 2.
As shown in the table, GE-PHI yielded average Acc, AUC,
and AUPR values of 0.7951, 0.8904, and 0.8874, respectively.
Although these results are slightly lower than the performance
achieved on the original dataset, the decrease is expected
due to the inherent variability and complexity of independent
test data. The independent dataset contains unique features
that were not present during model training, thus posing a
greater challenge. Despite this, the model still performs well,
demonstrating its robustness. These findings suggest that
GE-PHI can effectively predict PHIs, even for untraining biolog-
ical information.

Comparison of MuRP with some baseline algorithms

In our study, to further validate the effectiveness of the MuRP
algorithm, we compared it with some popular knowledge graph
embedding methods, including RotatE,*® TransE,*" TransF,**
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DistMult,®* ComplEx,** HolE,*® and SimplE.*° All baseline algo-
rithms were implemented with their default parameters, as rec-
ommended in their original publications, which can ensure
consistency and unbiased performance evaluation across the
different methods.

As shown in Figure 5, the experimental results indicate that
GE-PHI achieves the best prediction performance. Furthermore,
GE-PHI yielded a small standard deviation for all the baseline al-
gorithms, which demonstrates that MuRP is not only accurate
but also reliable across different data splits. When focusing on
specific metrics, GE-PHI exhibited significant improvements
in Rec and MCC metrics. Compared with the best results among
the seven baseline algorithms, Rec and MCC improved by
7.03% (84.05%-91.08%) and 10.59% (66.62%-77.21%),
respectively. The detailed 5-fold cross validation (CV) results
of these KGE-based algorithms are listed in supplemental mate-
rials Tables S1-S7. These increasements are substantial and
highlight the efficacy of MuRP in capturing the complex rela-
tional patterns in heterogeneous networks. Moreover, the utili-
zation of the MuRP algorithm within the GE-PHI model enabled
the model to maintain the high performance while minimizing the
variance across different CV folds.

Comparison of XGBoost with other machine learning
classifiers

In the proposed GE-PHI model, XGBoost was adopted as the
classifier for final training and prediction. To validate the effec-
tiveness of XGBoost in predicting candidate PHI pairs, we con-
ducted a comprehensive comparison with five traditional ma-
chine learning classifiers, including support vector machine
(SVM), k-nearest neighbor (KNN), Decision Tree (DT), Random
Forest (RF), and gradient boosting decision trees (GBDT). The re-
sults of this comparison are summarized in Figure 6, and the
detailed 5-fold CV results of different classifiers are listed in the
Tables S8-S12.
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Figure 3. Comparison of the predictive per-
formance of our proposed GE-PHI model

and other state-of-the-art methods on the
PHI dataset in terms of AUC and AUPR
value

(A) The experimental results of AUC values.
(B) The experimental results of AUPR values.
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As shown in the abovementioned figure, it can be observed
that XGBoost significantly outperformed all other machine
learning classifiers. For instance, compared with the best per-
forming classifier, RF, the GE-PHI model achieved a notable
improvement in accuracy by 3.59% (0.8496-0.8855). More-
over, it also yielded superior performance across six other
evaluation metrics, which demonstrated its effectiveness in
the PHI prediction task. The excellent performance of XGBoost
can be attributed to several factors. First, XGBoost is a
gradient boosting model that each subsequent model attempts
to correct the errors of the previous ones. This iterative strat-
egy improves accuracy and helps avoid overfitting, which is
particularly beneficial for complex bioinformatics tasks. Sec-
ond, XGBoost incorporates a regularization technique to con-
trol the model complexity. Compared with traditional machine
learning classifiers (e.g., DT or RF, even GBDT), this regulariza-
tion capability is crucial in bioinformatics for dealing with noisy
high-dimensional microbial data. Compared with traditional
machine learning classifiers, we have strong reasons to believe
that the choice of XGBoost as the classifier in the GE-PHI
model is highly feasible.
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Ablation studies

In this section, an ablation study is conducted to investigate the
contribution of two main components in the GE-PHI model,
including the ESM-2 module for embedding protein evolutionary
information and the MuRP model for capturing the topological in-
formation from microbial interactions network. Two variants of
the GE-PHI model were constructed, and the comparison results
are shown in Table 3 and Figure 7.

GE-ESM: a variant of the GE-PHI model that only used the pro-
tein sequence information for the PHI prediction task.

GE-MuRP: a variant model of GE-PHI that only used the topo-
logical structure information for the PHI prediction task.

From Table 3, the following observations can be obtained.
First, the variant GE-MuRP model performs worse than GE-
ESM, indicating that although the topology information of
PHAN is valuable, the evolutionary features from protein se-
quences are even more crucial. This phenomenon highlights
the importance of protein evolutionary context in understand-
ing the molecular mechanism. Second, both variant models
perform worse than GE-PHI, which suggests that the proposed
method is reasonable and effective. The superior performance
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Figure 4. Accuracy values formed by the parameter max depth n and min weight k
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Table 2. Prediction performance of GE-PHI on the independent A. baumannii species

Acc F1 Pre Rec MCC AUC AUPR
Fold 1 0.8294 0.8303 0.8238 0.8368 0.6589 0.9091 0.9061
Fold 2 0.7711 0.7740 0.7680 0.7801 0.5421 0.8789 0.8815
Fold 3 0.7958 0.7903 0.8122 0.7696 0.5924 0.892 0.8834
Fold 4 0.8063 0.8103 0.794 0.8272 0.6131 0.9106 0.9157
Fold 5 0.7731 0.7749 0.7708 0.7789 0.5462 0.8612 0.8504
mean 0.7951 0.7960 0.7938 0.7985 0.5905 0.8904 0.8874
Std 0.0243 0.0242 0.0247 0.0310 0.0487 0.0209 0.0253

of GE-PHI further indicated that both the protein sequence in-
formation embedded by ESM-2 and topology structure infor-
mation captured by MuRP contribute significantly to the GE-
PHI model. It also reveals that the sequences information plays
a more important role in these specific bioinformatics tasks.
These observations demonstrated the necessity of incorpo-
rating both types of information.

Case studies

To further assess the practical effectiveness of our model in
predicting associations between phages and hosts, we per-
formed case studies on both gram-positive and gram-nega-
tive bacteria. For a given host, we excluded all known phage
interactions from the dataset. The proposed model was then
trained on the remaining known interaction pairs and tested

on candidate samples to identify phages associated with the
target bacteria. This approach ensures independence be-
tween the training and validation sets. In other words, the pre-
diction model relies solely on the remaining interaction pairs
and the information captured during training and testing. Spe-
cifically, in the phage-host adjacency matrix A, the known in-
teractions for the selected hosts were changed from 1 to O,
and the candidate phages were ranked based on their predic-
tion scores. The top 20 ranked phages were further validated
using relevant databases. The model is considered effective if
the top-ranked predictions include a higher number of verified
interactions. To investigate the complex interactions between
phages and hosts, we conducted independent case studies
on two significant bacterial hosts: Clostridium difficile and Es-
cherichia coli.
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Figure 5. The comparison results of MuURP with some knowledge graph embeddings methods

(A) The comparison result of accuracy.

(B) The comparison result of F1-score.

(C) The comparison result of precision.

(D) The comparison result of recall.

(E) The comparison result of MCC.

(F) The comparison result of AUC values.
(G) The comparison result of AUPR values.
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Figure 6. The comparison results of accuracy, F1-score, precision, recall, MCC, AUC, and AUPR values on PHI prediction task

C. difficile is gram-positive bacteria, which is the primary path-
ogen responsible for antibiotic-associated diarrhea and pseudo-
membranous colitis. The infection symptoms included vomiting,
abdominal pain, and fever, and in severe cases, it can lead to
dehydration, intestinal perforation, sepsis, and even death. In
this study, the top 20 prediction results of C. difficile-interacted
phages are listed in Table 4. We can see that 18 of the top 20 pre-
dicted samples have been verified by public database. E. coliis a
kind of gram-negative bacteria that is the predominant and most
abundant bacteria in the intestinal tract of human and animals. In
the laboratory of microbiological research, E. coli is one of the
main model organisms. Similar to C. difficile, the top 20 pre-
dicted results of E. coli-interacted phages are summarized in Ta-
ble 5. Based on the public databases, 17 of the top 20 predicted
phages could be verified that they are related to E. coli. These
case study results demonstrate that GE-PHI can help to identify
PHI pairs and narrow the scope of candidates for further biolog-
ical experiments.

Molecular docking experiments

To further validate the reliability of our model, we conducted mo-
lecular docking experiments on the unconfirmed phages listed in
Tables 4 and 5. These experiments were performed to evaluate
the interaction strength between the predicted phages and their
corresponding host receptors. First, protein sequences were input

into the Alphafold 3% server (https://alphafoldserver.com/) to
generate the corresponding protein structure files in PDB format.
Next, molecular docking was performed using the GRAMM
web server (https:/gramm.compbio.ku.edu/gramm), and the
docking results were analyzed and visualized through PyMOL
software. To assess the strength of the interactions, binding en-
ergy was selected as the evaluation metric, where lower binding
energy indicates stronger molecular interactions and morereliable
predictions.

For C. difficile-associated phages shown in Table 4, two uncon-
firmed phages, AOAOA8JBQ8 and AOA1S6KZZ0, were selected
for docking analysis. As shown in Figure 8, AOAOA8JBQS8 exhibited
a binding energy of —8.1 kcal/mol with its host receptor, whereas
AOA1S6KZZ0 had a stronger binding energy of —11.1 kcal/mol.
These results suggest that these phages have significant potential
to interact with C. difficile. For E. coli-associated phages shown in
Table 5, AOA346FJ10 exhibited a binding energy of —16.6 kcal/
mol, whereas ACAOH4TFM9 and YP_009201899.1 showed stron-
ger binding energies of —35.2 kcal/mol and —32.6 kcal/mol,
respectively. These values highlight the strong interaction potential
of these phages with E. coli, further validating the model’s
predictions.

The docking results provide important insights into the molec-
ular interactions between the predicted phages and their target
hosts. The low binding energies observed for these unconfirmed

Table 3. Ablation studies of GE-PHI model with its two variant model

Model Acc F1 Pre Rec MCC AUC AUPR

GE-ESM 0.8593 + 0.0154 0.8586 + 0.0178 0.8624 + 0.0094 0.8552 + 0.0317 0.7189 + 0.0306 0.9381 + 0.017  0.9352 + 0.0235
GE-MuRP 0.8094 + 0.0149 0.818 +0.0153  0.7833 + 0.0147 0.8563 + 0.0244 0.6217 + 0.0301 0.8785 + 0.0109 0.8459 + 0.0211
GE-PHI 0.8855 + 0.0164 0.8884 + 0.0167 0.8671 +0.0148 0.9108 + 0.0212 0.7721 + 0.0331 0.9458 + 0.0098 0.9410 + 0.0140

Data are represented as mean + SD.
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Figure 7. The comparison results of GE-PHI with its two variant
models

phages suggest strong binding affinity, reinforcing the reliability
of the GE-PHI model in identifying PHIs and providing a strong
foundation for further experimental investigations. Moreover,
these findings emphasize the importance of integrating compu-
tational predictions with molecular validation, paving the way for
the development of phage-based therapies targeting antibiotic-
resistant bacteria.

DISCUSSION

In this work, we developed GE-PHI, a comprehensive compu-
tational model to address several key challenges in PHI pre-
diction, particularly in the context of phage therapeutics and
diagnostics. GE-PHI effectively predicts PHIs by integrating
advanced knowledge graph embeddings and large-scale pro-
tein language models. The model generates robust prediction
scores, which can be used to prioritize candidates for labora-
tory validation. Additionally, case studies on both gram-posi-
tive and gram-negative bacteria further demonstrated the
applicability and reliability of our model in diverse real-world
scenarios.

The construction of PHAN in GE-PHI presents notable
strengths. One of the primary advantages of PHAN is its ability
to integrate multiple types of relationships, including phage-
phage and host-host similarities into a unified microbial graph.
This comprehensive network structure enables the model to
capture complex interactions that might be overlooked. More-
over, the similarity networks play a crucial role in enhancing

iScience

the predictive power. These similarity networks allow GE-PHI
to identify potential PHIs by leveraging shared features and pat-
terns across different phages and hosts, which can enrich addi-
tional relational information.

A powerful KGE algorithm, MuRP, was used to capture the to-
pological information from PHAN. It is highly effective at
modeling hierarchical and multi-relational data, which is particu-
larly suitable for the complex structure of PHAN. Compared with
traditional Euclidean-based methods, MuRP can be used more
accurately to preserve the relationships between different en-
tities. To be more specific, when compared with common knowl-
edge graph embedding techniques such as TransE, RotatE, and
ComplEx, MuRP demonstrates a superior ability to capture com-
plex network structures, primarily due to the application of hy-
perbolic space.

The ESM-2 algorithm utilizes large-scale evolutionary data to
generate high-dimensional embeddings that encapsulate both
the topological structure and functional features from phage
tail protein and host-receptor-binding proteins. Compared with
traditional methods, ESM-2 can extract a more nuanced and
comprehensive representation of protein sequences. When the
sequence homology is low, the ability of ESM-2 to capture subtle
sequence variations is particularly valuable.

In summary, the proposed GE-PHI model represents a signif-
icant advancement in the field of PHI prediction. The construc-
tion of the PHAN network allows for a comprehensive analysis
of both direct and indirect relationships between different micro-
bial nodes. The utilization of MuRP provides a robust way for
capturing hierarchical and multi-relational data, whereas
ESM-2 contributes detailed sequence insights that enhance
the model’s ability to predict interactions even in cases of low
sequence homology. Additionally, the integration of these fea-
tures into an XGBoost classifier ensures that our model is not
only accurate but also efficient, leveraging the strengths of
gradient boosting to handle complex information. Despite these
strengths, there are still some challenges in optimizing and inter-
preting the model, particularly in the computational demands
and the black-box nature of deep learning components. Never-
theless, case studies and molecular docking results in both
gram-positive and gram-negative bacteria further demonstrated
its potential in predicting unknown PHI pairs. We hope that our
model can be a valuable tool for advancing phage therapy and
reducing antibiotic resistance.

Table 4. Top 20 predicted C. difficile-associated phages

Rank UniProt ID Evidence Score Rank UniProt ID Evidence Score

1 ALY06964.1 Confirmed 0.999535 11 AOA1L2BWNS8 Confirmed 0.997428
2 ANT45172.1 Confirmed 0.999328 12 CEK40414.1 Confirmed 0.997411
3 YP_009208374.1 Confirmed 0.999293 13 YP_009213094.1 Confirmed 0.997404
4 AOAOA8JBQS8 NA 0.999181 14 CEK40864.1 Confirmed 0.997194
8 AEF56895.1 Confirmed 0.999073 15 CEK40350.1 Confirmed 0.996921
6 YP_009214149.1 Confirmed 0.998959 16 CEK40295.1 Confirmed 0.996869
7 CEK40349.1 Confirmed 0.998930 17 YP_009221628.1 Confirmed 0.996670
8 YP_001110744.1 Confirmed 0.998555 18 AEF56896.1 Confirmed 0.996645
9 ACH91316.1 Confirmed 0.998138 19 YP_004508398.1 Confirmed 0.996496
10 AOA1S6KZZ0 NA 0.997792 20 CEK40592.1 Confirmed 0.996407
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Table 5. Top 20 predicted E. coli-associated phages

Rank UniProt ID Evidence Score Rank UniProt ID Evidence Score

1 AO0AQUA4IILO Confirmed 0.999551 11 AOA2P1CL14 Confirmed 0.996766
2 AO0A386K7G1 Confirmed 0.999372 12 Q7Y2W1 Confirmed 0.996537
3 AO0A097J8C7 Confirmed 0.998553 13 AOA2P1CL0O3 Confirmed 0.996417
4 AOA097J306 Confirmed 0.998440 14 Q8LTVO Confirmed 0.996184
5 D9IET6 Confirmed 0.998329 15 AOAOH4TFM9 NA 0.995637
6 AOA3G3MCX8 Confirmed 0.998183 16 AOAOA7HBH2 Confirmed 0.995250
7 A0A346FJ10 NA 0.997971 17 YP_009201899.1 NA 0.995226
8 AOAOM7QBC7 Confirmed 0.997424 18 AOA076G6W3 Confirmed 0.994862
9 P49714 Confirmed 0.997396 19 AOAON7C1B3 Confirmed 0.994809
10 ADAOU4IB10 Confirmed 0.997346 20 AOA3435154 Confirmed 0.994759

Limitations of the study

Although the GE-PHI model demonstrates strong predictive ca-
pabilities, it has certain limitations. The reliance on cosine similar-
ity in similarity networks may restrict the detection of non-linear
relationships, which are crucial in some biological processes.
Additionally, the model’s complexity leads to high computational
costs, particularly when processing large-scale datasets, which
could limit its scalability. Although simpler Euclidean-based
embedding methods, such as TranskE or DistMult, are more
computationally efficient, they did not perform as effectively as
GE-PHI on high-dimensional or complex datasets. To address
these challenges, future work will focus on improving the compu-
tational efficiency of GE-PHI through distributed computing and
algorithm optimization. Furthermore, we plan to integrate addi-
tional biological data sources, such as environmental context

and host gene expression data, to provide richer information
and potentially enhance the model’s predictive accuracy and
robustness.

RESOURCE AVAILABILITY

Lead contact

The datasets and source code are available: https://github.com/JIENWU/GE-
PHI. Inquires can be directed to the lead contact, Yanmei Sun (sunyanmei@
nwu.edu.cn).

MATERIALS AVAILABILITY

All materials reported in this paper will be shared by the lead con-
tact upon request.

Figure 8. Molecular docking results of the candidate phages for gram-positive and gram-negative host

(A) The molecular docking results for C. difficile.
(B) The molecular docking results for E. coli.
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D

Poincaré disk geodesics.

Figure 9. The architecture of MuRP algorithm

Model decision boundary.
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Spheres of influence.

(A) Geodesics in the Poincaré disk that demonstrated the shortest paths between phages and bacteria nodes in PHAN.

(B) The model identifies the triple (es,r,e,) as true and (es, r,e)) as false.

(C) Each entity embedding has a sphere of influence, whose radius is determined by the entity-specific bias.

Data and code available

o Data reported in this paper will be shared by the lead con-
tact upon request. This paper analyzes existing, publicly
available data. These accession numbers for the datasets
are listed in the key resources table.

® The datasets and source code are available: https://github.
com/JIENWU/GE-PHI.

® Any additional information required to reanalyze the data
reported in this paper is available from the lead contact
upon request.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Phage and some Host Database: Millard Lab http://millardlab.org

Host Database: Uniprot https://www.uniprot.org

Other

Materials This paper https://github.com/JIENWU/GE-PHI
Data and code This paper https://github.com/JIENWU/GE-PHI
Software and Algorithms This paper https://github.com/JIENWU/GE-PHI

METHOD DETAILS

Phage-host heterogeneous association network

It is well known that the receptor-binding proteins (RBP) on the host surface and tail proteins of phages determine whether the phage
can adsorb to the target host. In this context, when constructing the microbial interaction network, we take these factors into account.
Specifically, we constructed a phage-host heterogeneous association network (PHAN) consisting three components: the phage-host
interaction network, the phage-phage similarity network, and the host-host similarity network. The details of each part are listed as
below.

(1) Phage-Host Interaction Network

The PHI dataset used in this study includes nine bacterial hosts, comprising the ESKAPE pathogenic bacteria (Enterococcus fae-
cium, Staphylococcus aureus, Klebsiella pneumoniae, Acinetobacter baumannii, Pseudomonas aeruginosa, and Enterobacter spe-
cies), supplemented with Clostridioides difficile, Salmonella enterica, and Escherichia coli. The sequence information was down-
loaded from the Millard Lab (http:/millardlab.org)®® and the UniProt (https://www.uniprot.org)®® database. Finally, we collected
1,232 PHI pairs consisting of 960 tail proteins of phages and 793 host RBP sequences. Let Ac RN?*N+ represented an adjacency
matrix and used to describe the known PHI pairs, where Np and Ny denotes the quantity of phages and hosts, respectively. If a phage
pi(i € 1,---,Np) has a A;; demonstrated interaction with the bacterium h;(j,---,Ny), the value will be set to 1; otherwise, it is set to 0.

(2) Cosine similarity network

Assuming that similar bacteria or hosts exhibit comparable functional patterns, we employed cosine similarity to construct the
phage-phage and host-host similarity networks. Cosine similarity is frequently applied in various bioinformatics tasks, including
gene co-expression analysis,’® microbial community analysis,”’ and functional annotation prediction.”? Unlike the traditional
methods that focused on the length of feature vectors, cosine similarity is calculated based on their direction. Moreover, it remains
valid when dealing with sparse vectors and outliers.

Cosine similarity is calculated as the inner product of two vectors divided by the product of their magnitudes, yielding values be-
tween —1 and 1. A value closer to 1 indicates higher similarity between two sequences, while a value closer to —1 suggests lower
similarity. The detailed calculation of the phage-phage similarity network is as follows:

2 (PixFy)
cos(P,P) = ——— | (Equation 1)

(S SR

where P; and P; represents two different phage sequences. To compute their similarity, we project these sequences into a vector
space. Additionally, the cosine similarity of bacterial hosts can also be calculated in this way

In summary, based on the cosine similarity between different microbial nodes, we constructed PHAN to capture the topological
information. Considering both experimental accuracy and time efficiency, the cosine similarity threshold was set to 0.9. In this
way, two types of homogeneous graphs (phage-phage similarity and host-host similarity) were incorporated into the phage-host
interaction network. Subsequently, known phage-host associations were used to connect the two homogeneous graphs, forming
the final heterogeneous graph. In PHAN, the feature representations of microbial nodes are derived from their functional similarity.
Additionally, the attribute representations were derived from the adjacency matrix.

h M:
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Hyperbolic graph embeddings for PHAN

Graph embedding techniques are capable of uncovering hidden information and non-linear patterns among edges and entities. How-
ever, conventional graph embedding methods are inadequate for our research, as they primarily focus on connections between bio-
logical nodes while neglecting the attributes of edges and entities. After constructing PHAN, a knowledge graph embedding (KGE)
algorithm, Multi-relational Poincaré Graph Embeddings (MuRP),*® was employed to capture low-rank representations for all entities
and relations.

Microbial knowledge graphs are frequently incomplete, making link prediction essential for inferring true relationships. Therefore,
we focus on embedding multi-relational microbial nodes within hyperbolic space. Let a Graph = (es,r,e,) € E X R X E, where E de-
notes the set of microbial nodes, and R represents the set of associated edges. Each entity es € E and relation r e R is embedded into
the Poincaré ball Bg, and then the space can be defined by:

Bl ={yeR:c|y| <1}. (Equation 2)
The hyperbolic distance between two es and e, in the space (shortest path between two nodes, seen in Figure 9A) can be calcu-

lated as follows:

2
ds, (6s,€0) = %tanh”(ﬁ\l - 6:®c6l)), (Equation 3)

where || - || describes the Euclidean norm. @ represents the Mdbius addition,** which is a non-Euclidean vector operation critical for
preserving the geometric properties of the Poincaré ball. The detailed Mdbius addition can be defined as:

0. ®ur = (1+20(es,r)+c\|r||2)es+(1 — c||es||2)r

, (Equation 4)
1+2c(es, r)+c?|les|*|Ir|®

where (-, «) represents the Eucliden inner product. This distance metric is well-suited to capture the hierarchical nature of relation-
ships between microbial nodes. In the model, the embedding of a relation r adjusts the distance between nodes, allowing the model
to represent multi-relational data effectively within the Poincaré ball. The score function of MuRP is

dmurp = — da, (exp§ (Rlogz(es)),eoeacr)2 + bs +b,. (Equation 5)

Here, es and e, represents the embeddings of the source and target nodes, r denotes the embeddings of their relationships, bs and
b, are the bias term. The optimization objective of the MuRP to optimize the Bernoulli negative log-likhood loss can be calculated as:

L=— > loga(d— ds(es®cr,e))+ullr|? (Equation 6)

(es.re0)e O

In Equation 6, ¢ is the sigmoid function, ¢ represents a margin hyper-parameter, and u is a regularization term to avoid overfitting.
After the above steps, we can extract the low-dimensional representations of PHAN and capture the complex associations.

Evolutionary scale modeling of sequence information

In bioinformatics, natural language processing (NLP) techniques can learn the underlying grammar of biological sequences by
training on universal proteome databases. After utilizing the MuRP model to capture the low-dimensional topological information
from PHAN, we introduced the pre-trained ESM-2 (t33_650M_UR50D)"® protein language model to learn the biological properties
from phage tail proteins and host RBP sequences. ESM-2 is a state-of-the-art protein language model that leverages large-scale
evolutionary data to generate high-dimensional representations of protein sequences and captures both functional and structural
characteristics.

The core of ESM-2 is the transformer architecture,*® which consists of multiple levels of the self-attention mechanism and a feed-
forward neural network (Figure 1C). The self-attention mechanism allows the model to account for positional relationships as it pro-
cesses sequences, while the feedforward neural network further integrates this information. More specifically, ESM-2 utilized the
multiple-head self-attention mechanism to capture long-rang dependencies within trail protein and RBP sequences. This mechanism
captures global sequence information by calculating the correlation of each position in the sequence with all other positions. In addi-
tion, ESM-2 also introduced the encoding of evolutionary information in the model, allowing the model to learn both conservation and
variability of protein sequences to improve the prediction accuracy. To maintain the order information of elements in sequences,
ESM-2 incorporates positional encoding, which helps understand the relative relationship between different position.*” The final
output is a prediction of the 3D structure of target protein, expressed as atomic coordinates. These coordinates describe the spatial
location of atoms in the protein molecule and can be applied for further biophysical analyses.

Machine learning-based classifier

XGBoost (eXtreme Gradient Boosting)*® is an ensemble learning algorithm based on Gradient Boosting Decision Trees (GBDT)*® and
can be used for both classification and regression tasks. This technique has been widely applied in various bioinformatics fields, such
as predicting circRNA-mIiRNA interactions,”® protein-protein interactions,”’ and Golgi-resident protein types.** Unlike traditional
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GBDT that rely solely on first-order derivatives for loss function optimization, XGBoost incorporates second-order derivatives to
enhance the customization of the loss function, thereby improving both accuracy and speed. It also adds Regularization terms to
the loss function to control model complexity and prevent overfitting.

For a given PHI dataset D = {[H,.yn|}, where |D| = N and H, € R™ represents the concatenated feature vector for each entity ne
N, which were derived from MuRP and ESM-2, and y,, € R denotes the target label. The prediction process can be described as fol-
lows:

K
Vo = > fi(Hn), (Equation 7)
k=1

where k represents the total number of trees, and fx(H,) denotes the prediction score of the sample H,, on the k-th tree. XGBoost
utilizes regression trees as its base classifier functions, and thus the prediction scores can be calculated as:

N K
Obj(0) = Y Lyn.7,) + Y Q(f), (Equation 8)
k=1

n=1

where L(yn,y,) denotes the loss function measuring the error between the true label y, and the predicted label y,,. Q(f) is the reg-
ularization term that controls the complexity of k-th tree. The prediction results of the combined t tree models on the sample H,, is
updated as follows:

v

vy = U 4 f(Hy). (Equation 9)

The term Q(f) describes the complexity of the k-th tree and can be expressed as:
1 T
Qf) = 7T+§AZW]?. (Equation 10)
j=1

Here, v and 4 is the regularization parameters, and w; represents the weight of the leaf nodes in the trees. The model can be ex-
pressed as

fi(Hn) = Wom,),We R, (Equation 11)

where g(H,) indicates the leaf node of H,,, and T is the number of leaf nodes in the tree. The first derivative g; and the second derivative
h; are used to approximate the objective function through Taylor expansion:

9 =>9 =) d J(M-Jf“”), (Equation 12)
iel; iel;

hy = th = Za;,,”/<y,7y/(“1>>. (Equation 13)
iel; iel;

The objective function can be transformed into the leaf node form of the t-th tree by combining the above formulas and is expressed
as

-
Obj? ()= Z [g,w, + %(hi + A)w/?] +~T. (Equation 14)

ji=1
The optimal weight w; for each leaf node are obtained by

. _ G .
w = re (Equation 15)

Evaluation metrics

In the experiments, we assessed the performance of the GE-PHI model using a 5-fold cross-validation (CV). Specifically, the PHI da-
taset was partitioned into five equal folds, with each fold being alternately used as the test set, while the remaining folds served as the
training set. This process was repeated until each part had been used as validation set once. To comprehensively evaluate the
model’s performance, we employed several metrics, including Accuracy (Acc), F1-score (F1), Precision (Pre), Recall (Rec), and Mat-
thew’s correlation coefficient (MCC). The definitions of these metrics are as follows:

TN+TP

TNAFP+FN+ TP (Equation 16)

Accuracy =
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precision X recall

F1 —scoure =——+——— (Equation 17)
recall+precision
. P .
Precison = ENATP’ (Equation 18)
™ .
Recall = PP’ (Equation 19)

MCC = TPXTN — FPXFN . (Equation 20)
J/(TP+EP) X (TP+EN) X (TN+EN) X (TN+FP)

where true positives (TP) and true negatives (TN) refer to correctly predicted positive and negative PHI samples, respectively. Like-
wise, false positives (FP) and false negatives (FN) represent misclassified samples. Additionally, the Area Under the Receiver Oper-
ating Characteristic (ROC) curve (AUC) and the Area Under the Precision-Recall (PR) curve (AUPR) were used to assess the GE-PHI
model’s predictive performance. AUC measures the model’s ability to distinguish between positive and negative samples across
different threshold settings, whereas AUPR emphasizes the trade-off between precision and recall, especially in imbalanced data-
sets. Higher values of AUC and AUPR indicate better model performance.

QUANTIFICATION AND STATISTICAL ANALYSIS

The evaluation metrics were calculated using scikit-learn version 0.19.0.
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