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Interpretable Predictive Modeling of Host Specificity of Rabies

lyssavirus from Glycoprotein Sequences

Arjun Rao

Abstract

Rabies lyssavirus (RABV) is a zoonotic virus that affects a wide range of mammalian hosts
and has a 100% mortality rate following the onset of symptoms. Let s = (a1, . . . , aL) denote
the amino acid sequence of the RABV G protein and let y ∈ Y denote the host isolate. This
study learns a family of parameterized mapping functions fθ : X → ∆|Y| that map an encoded
sequence x = ϕ(s) ∈ X to a predictive host probability vector p̂ = fθ(x). Among the learned
mappings, the long short-term memory (LSTM) mapping composed with an integer-encoding
operator achieved the highest test accuracy of 90.0%. Additionally, interpretability analyses of fθ
recover known antigenic sites and identify a strong association between residue positions 460–520
and host specificity. Overall, the learned maps and their sensitivity analyses provide groundwork
toward targeted vaccines and containment.

1 Introduction

Rabies lyssavirus (RABV) is a neglected infection caused by a single-stranded RNA virus of the fam-
ily Rhabdoviridae and is responsible for approximately 60,000 human deaths annually [1]. It affects
mammals and is typically transmitted via bites or scratches from infected animals. Approximately
95% of human RABV deaths occur after contact with an infected dog; however, chiropterans (bats),
Mephitidae (skunks and stink badgers), Procyon lotor (raccoons), and Vulpes spp. (foxes) are common
reservoirs, especially in North America where most deaths are attributed to bat-associated variants [1].
Further adding to the severity of the virus is its near-100% case fatality rate once symptoms appear,
making post-exposure prophylaxis the only effective way to prevent death [1].

RABV consists of five structural proteins: 1) nucleoprotein (N), 2) phosphoprotein (P), 3) matrix
protein (M), 4) glycoprotein (G), and 5) large subunit (L). The nucleoprotein is relatively conserved,
whereas the surface-exposed G protein contains the ectodomain (including antigenic sites) and is a
primary target of neutralizing antibodies [2]. This property makes the G protein particularly informa-
tive for host-specific variation.

As an RNA virus, RABV has a high mutation rate due to low replication fidelity of its RNA-dependent
RNA polymerase. This influences viral pathogenicity and invasiveness [3]. Cross-species transmission
can further increase genetic diversity in RABV—particularly in the G protein—and drive phenotypic
variation across host species [4].

These properties of the G protein make it possible to predict the host species from the G protein
sequence. A better understanding of virus–host interactions can support the design of more effective
vaccines for specific viral quasispecies, whose efficacy can vary across mutations. This, in turn, can
enable improved containment strategies in Homo sapiens and other mammals.

Current research on RABV host specificity often predicts reservoirs based on physical characteristics
of species using logistic regression and other machine learning (ML) techniques [5]. Other work stud-
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ies host-shift events to characterize spread from a common host such as Canis lupus familiaris to less
common hosts such as Vulpes vulpes [6]. In contrast, the use of proteomic sequences for host prediction
remains in its infancy in RABV research.

Multiple instance learning has proven successful for viral host prediction, as shown by Liu et al. in the
development of EvoMIL. Although an AUC of 0.92 is promising, most targeted hosts were prokaryotic,
and Liu et al. noted that eukaryotic host prediction is more difficult [6]. Beyond this example of deep
learning, most conventional methods use the BLAST framework, which analyzes similarity between a
query proteome and sequences in a reference database; this can be ineffective for novel RABV strains.
Other attempts at host classification using machine learning focus on broad sets of hosts and bacte-
riophages, limiting residue-level analysis of proteomic factors affecting host specificity [7, 8].

In the context of RABV, host prediction will allow effective containment of the virus and development
of post-exposure prophylaxis vaccines to minimize the impact of human-animal conflict. From an
applied-mathematics perspective, this task can be posed as learning a mapping f : X → Y (or,
probabilistically, f : X → ∆|Y|) from an encoded protein sequence space X to a host label space
Y. Understanding host–protein interaction through analysis of the learned mapping (e.g., residue-
wise sensitivity) improves mechanistic insight into residue-level contributions to host specificity across
hosts. Thus, this study as opposed to relying on black-box ML models, proposes new interpretability
pipelines that can be used to generate hypotheses on factors that determine protein-host dynamics.

2 Background

2.1 Protein-Host Interaction

Invading viruses must interact with host cells, as they depend on the host’s metabolic processes to
replicate and invade additional cells. In Rabies lyssavirus (RABV), this interaction is primarily medi-
ated by the glycoprotein (G protein), which is located on the surface of the virus and consists of 524
amino acid residues. Due to its exposed position, the G protein plays a critical role in binding to host
receptors and antibodies, making it a key determinant of host specificity and immune recognition.

There are three main antigenic sites on the G protein where neutralizing antibodies bind: antigenic
site I (residues 226–231), antigenic site II (residues 34–42 and 198–200), and antigenic site III (residues
330–338) [9]. Mutations within these regions, as well as in other parts of the G protein, have been
shown to significantly affect the pathogenicity of different RABV strains. Takayama-Ito et al. demon-
strated that the region between residues 164 and 303 plays an important role in RABV lethality in
adult mice, concluding that pathogenicity is influenced by the combined effect of multiple amino acid
residues rather than a single mutation [10].

Additional studies highlight the importance of specific residue positions, such as 255 and 333, in mod-
ulating viral pathogenicity. For instance, the D225G mutation was shown to reduce neurotropism
in adult mice, leading to observable differences in disease progression [11]. Changes in pathogenicity
can also manifest as altered permeability of the blood–brain barrier, while other mutations have been
shown to attenuate virulence [7]. A broad pattern that emerges from these studies is that many func-
tionally important residues are located within the antigenic sites of the G protein, which themselves
are situated on the ectodomain of the protein.

The identification of these critical residues has largely relied on wet-lab techniques such as flow cy-
tometry and in vitro assays measuring the growth and spread of RABV-infected cells. In contrast,
computational approaches have not yet been widely used to model host–protein interactions or to
systematically quantify residue-level importance at scale. Developing such computational frameworks
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Figure 1: Architecture of Support Vector Machines, Logistic Regression, Random Forest Classifier and
Artificial Neural Network. These models use various algorithmic methods to discriminate between
various host sequences.

is particularly relevant in a clinical context, as they can inform the design of protein-subunit vaccines,
which aim to induce immunity through the expression of the G protein [9]. Because vaccines against
RABV are often species-specific, mutations in the G protein sequence can directly impact vaccine
efficacy against particular viral strains, underscoring the need for a deeper residue-level understanding
of G protein function [12].

2.2 Protein Embeddings

While using machine and deep learning models on protein sequences, it is necessary to convert the
sequence into a form that can be used by these models for training. The process of converting protein
sequences to numerical vectors can be done using hot encoding of the protein or using embeddings. Hot
encoding is a straightforward way of converting the protein sequence into a binary vector or encoding
the amino acids with a numerical value between 1 and 20 [13]. While this is the simpler strategy, hot
encoding does not fully capture the relationship between the various amino acids.

The other strategy would involve using unsupervised learning to generate embeddings that capture the
relation between the amino acids in proteins [14]. This method involves using processes from the field
of Natural Language processing (NLP) such as k-mers splitting of protein sequence and production
of embeddings based on the similarity of protein sequences [15]. Unsupervised protein embeddings
have proven to greater accuracy in machine learning models trained on them compared to traditional
methods [16].

This study makes use of the embedding model PROTBert, which was proposed by Brandes et al. and
makes use of the BERT (Biderectional Encoder Representations from Transformers) architecture that
is used in NLP. The main advantage of this model is that it uses local and global representations in
embedding the data and does not impose any limits on the length of the amino acid sequence [17].
This makes this model both versatile and makes it better learn rules for embedding proteins. The use
of PROTBert for detecting transcription factors along with Support Vector Machines has shown better
performance than the use of other probabilistic vector representations [18]. Overall, while literature
on PROTBert is limited the architecture of the model and the performance of BERT on NLP tasks,
makes it a reliable choice for RABV host prediction.

3



Figure 2: Architecture of CNN, LSTM and GRU. The CNN consists of multiple convolutional layers,
the LSTM and GRU have reset, update and forget gates to iteratively learn patterns in sequences.

2.3 Predictive Model Architecture

This study, aiming to develop a pipeline for predicting the host given the protein sequence of the G
protein, trains a range of machine and deep learning models, and this section aims to summarize the
various model architectures, as seen in Figure 1. In terms of machine learning, logistic regression is a
commonly used method for binary classification where the linear regression equation is passed through
the sigmoid function to obtain a set of probabilities. In the case of multinomial logistic regression, the
regression equation is passed through a softmax equation to model probabilities across multiple classes
[19]. Random Forests are another popular model for classification tasks, that use multiple decision
trees to split the classification problem into a series of simpler tasks [19]. Support Vector Machines
are an ML model that separate the data by drawing an artificial hyperplane to separate the data and
are regularly used in protein classification tasks [20].

While these machine learning models can make predictions, it is difficult for models to train on data
with a large number of dimensions, like embeddings, due to increased computational load and the
sparsity of data, preventing the models from detecting patterns [21]. For such dataset, dimensionality
reduction techniques like Principal Component Analysis (PCA) are used. PCA involves computing the
top eigenvectors of the covariance matrix of the given data, thus reducing the number of dimensions
while also broadly representing the patterns in data [22].

Dimensionality is not a very significant issue, however, in the context of deep learning, Specific neural
networks, called Recurrent Neural Networks (RNNs), like Gated Recurrent Unit (GRU) and Long-
Short TermMemory (LSTM) models allow the processing the prediction of sequential data [23]. LSTMs
are models that learn the training parameters in the context of the previous hidden cell. These models
consist of a forget, input and output gate for each neural unit of the cell, which removes irrelevant
data, takes in new data and send the learned parameters to the next unit [24]. A GRU has a simpler
architecture than an LSTM, as it only consists of two gates. The reset gate determines how much of
the data from the previous hidden unit is to be forgotten and the update gate determines how much
data from the current unit is to be sent to the next unit [25].

GRUs and LSTMs are commonly used in NLP and are other techniques that have been adapted for
protein classification. Sharma and Maheshwari (2024) have successfully shown the usage of Convolu-
tional Neural Networks (CNNs) for protein-related tasks, the architecture of which are in Figure 2.
These models are typically used for image classification tasks, and in the context of protein, they model
the spatial relationship between the protein tensors that are produced by the convolutional layers [26].
Overall, the architectures of these machine and deep learning models indicates the potential for them
to perform optimally in tasks like host prediction.
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2.4 Mathematical formalism and interpretability operators

Host prediction, in this study, is viewed as learning a composition fθ ◦ ϕ that maps an amino-acid se-
quence s = (a1, . . . , aL) ∈ AL (with |A| = 20) to a host distribution in ∆|Y|. This composition is built
from a sequence-to-vector encoding stage and a learned predictor; therefore, we first formalize encod-
ings. A one-hot encoding operator ϕOH maps each residue ai to xi ∈ {0, 1}20 with (xi)k = 1[ai = αk],
and the whole sequence to X = [x1, . . . ,xL] ∈ {0, 1}20×L [13]. Here αk denotes the kth amino acid
in a fixed ordering and 1[·] is the indicator function. Alternatively, an integer encoding operator ϕint

maps ai 7→ e(ai) ∈ {0, . . . , 19} and yields a categorical sequence e ∈ {0, . . . , 19}L [13].

To incorporate contextual information across residues, transformer-based embeddings are used; ab-
stractly, ProtBERT defines

h = ϕBERT(s) ∈ R
1024, (1)

where h is a fixed-length vector representation produced by a transformer encoder [17]. Because h is
high-dimensional, PCA is applied as a linear projection,

z = ϕPCA(h) = W⊤
k (h− µ), Wk ∈ R

1024×k, (2)

where µ is the empirical mean embedding and Wk contains the top k principal directions (eigenvectors
of the sample covariance) [22].

For interpretability, learned internal representations (e.g., hidden states) are visualized by manifold
learning. In UMAP, low-dimensional points {yi}

n
i=1 ⊂ R

d are learned by minimizing a cross-entropy-
type objective between fuzzy neighbor graphs in the original and embedded spaces [27, 28, 29]:

LUMAP({yi}) =
∑

i<j

[

wij log
wij

ŵij

+ (1− wij) log
1− wij

1− ŵij

]

. (3)

This objective is typically minimized with stochastic gradient descent (SGD) [30], which (for generic
parameters θ) updates

θt+1 = θt − η∇θℓ(θt;Bt), (4)

for stepsize η and mini-batch Bt.

Finally, residue-level importance can be quantified by saliency. For an input encoding x and class score
Sc(x), a standard saliency signal is

sc(x) = ∇xSc(x), (5)

so that large-magnitude components indicate input coordinates that most strongly affect the score
locally [31].

3 Methodology

3.1 Data Collection

Data used to train the machine and deep learning models was collected from the National Center for
Biotechnology Information (NCBI) Virus Database [32]. For the dataset, those G protein sequences
of RABV were selected in which the host was known, and only those hosts were considered in which
the number of FASTA protein sequences per host was greater than 100. Additionally, to reduce the
number of host classes, the species name was replaced with the genus, as in combining Vulpes vulpes
and Vulpes lagopus to create the Vulpes class. The final dataset of 6764 protein sequences consisted
of the following hosts: 1) Bos taurus (domestic cattle), 2) Canidae (dog-like mammals except the
domestic dog and foxes), 3) Canis lupus familiaris (domestic dog), 4) Eptesicus fuscus (big brown
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bat), 5) Felis catus (cat), 6) Melogale (ferret badger), 7) Mephitidae (skunks and stink badgers), 8)
Procyon lotor (raccoon), 9) Homo sapiens (humans), and 10) Vulpes (foxes). Canis lupus familiaris
was not classified under Canidae, as it is the most common host of the virus, and under-sampling was
not performed to enable the model to understand Canis-specific features in the G proteome.

3.2 Preprocessing

After obtaining the data, standard data hygiene practices were followed to remove null values. To
prevent phylogenetic leakage that might inflate accuracy of the model, clustering of sequences was
performed at 95% across the training and testing datasets. For learning the host mapping fθ ◦ ϕ, two
preprocessing operators ϕ were used to trade off accuracy and interpretability. In the first pipeline,
the FASTA sequence s was mapped to a dense feature vector h = ϕBERT(s) ∈ R

1024 using Prot-
BERT. Since h is high-dimensional, PCA was applied to obtain a low-dimensional representation
z = ϕPCA(h) ∈ R

10. The resulting features z were then used to learn three downstream mapping
functions fθ (logistic regression, random forest, and support vector classification). In addition to this
pipeline, a second pipeline was used because PCA compression reduces residue-level interpretability.

The other preprocessing method involved converting each position of the G protein amino acid sequence
into a column and encoding the amino acids alphabetically as an integer between 0 and 19. The issue
of having a large number of dimensions in that dataset was overcome by using deep learning models
that can train on these models. The advantage conferred by this method is that it allows greater
interpretability at a residue level.

3.3 Model Training

For both pipelines, the target variable was the host y ∈ Y , and an 80/20 training–testing split was
used. Each trained predictor is represented as a composition

p̂(· | s) = fθ(ϕ(s)) ∈ ∆|Y|, ŷ = argmax
c∈Y

p̂(c | s), (6)

where ϕ is a preprocessing/encoding operator (e.g., ProtBERT→PCA or integer encoding) and fθ is
the learned map.

The three machine learning mapping functions used on PCA-transformed embeddings were multino-
mial logistic regression, random forest, and support vector classification. The simplicity of these maps
is also a good fit for PCA features, which are linear projections. In terms of the deep learning archi-
tectures, the convolutional neural network used for training the label-encoded data consisted of one
embedding layer to reduce the dimensionality of the data and two one-dimensional convolutional layers
with 64 and 128 units, respectively. A max pooling layer was used between the convolutional layers
to reduce the spatial dimensions of the tensor. For compilation, the Adam optimizer was used with
the sparse categorical cross-entropy loss function [33]. This CNN was trained on 15 epochs, which was
optimized for maximum accuracy.

The architecture of the GRU and LSTM used in this study is very similar. Both consist of an em-
bedding layer and the recurrent layers of 128 units followed by a dense layer with 64 units and the
output layer with softmax activation. Dropout was also used to prevent overfitting in this model by
deactivating 30% of the units, and the model was trained for 5 epochs. This architecture is in line
with that used in literature and ensures optimal performance by targeting common pitfalls like high
dimensionality and overfitting.

6



Figure 3: Confusion Matrix of CNN. This graphically represents the relation between the model’s
predicted output and the true output for each class.

4 Results

4.1 Model Classification Reports

In comparing the accuracy of the various models, precision, recall, F1, and accuracy scores were
considered. Additionally, as the dataset was not balanced, it is also important to look at the weighted
average accuracy and host-specific F1 scores, which account for the differences in the class size. For a
given host class, let TP, FP, TN, and FN denote the entries of the one-vs-rest confusion matrix (true
positives, false positives, true negatives, and false negatives). Then the standard metrics are [34]

Precision =
TP

TP + FP
, (7)

Recall =
TP

TP + FN
, (8)

F1 =
2PrecisionRecall

Precision + Recall
, (9)

Accuracy =
TP + TN

TP + TN+ FP + FN
. (10)

To aggregate across hosts, we report the weighted average metric (weighted by class support), e.g.

F1weighted =
∑

c∈Y

nc
∑

c′∈Y nc′
F1c, (11)

where nc is the number of test samples in class c and F1c is the class-wise F1 score. To analyze
host-specific accuracy, the weighted average scores coupled with the confusion matrix represent the
ability of the model to correctly predict a particular host.

In the first model pipeline, where the three machine learning models were trained on PCA-transformed
protein embeddings, the Random Forest model had the highest accuracy. The Random Forest Clas-
sifier had an overall accuracy of 83.0% compared to the Logistic Regression’s 71.0% and the Support
Vector Classifier’s 79.0% accuracy. All three models showed greater ability in being able to predict
Canis lupus familiaris due to a greater number of data points and less accuracy in predicting hosts like
Canidae and Felis catus, for which there was less training data, as can be seen in Table 1. It’s also
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worth pointing out that an ANN was trained on this pipeline; however, it was unable to make predic-
tions, possibly due to vanishing gradients causing the performance to not improve with greater training.

Under the second pipeline, where the amino acid sequences were integer encoded, the CNN had an
accuracy of 84.0% and a weighted average accuracy of 82.0%, with further model performance analysis
as seen in Figure 3. The LSTM had the highest accuracy of 90.0% and weighted average accuracy
of 87.0%, indicating that it was the most successful at predicting the host. While the GRU had a
validation accuracy of 84.0%, the model underfit considerably, as it had a training accuracy of 76.3%,
and the weighted average accuracy was also considerably lower than the macro accuracy. For this
reason, the GRU was not used for subsequent analysis.

4.2 Baseline Comparison

To baseline the accuracy results obtained from the two pipelines used, classical bioinformatics methods
were also used. A k-mer logistic regression model was used as a baseline comparison that draws linear
boundaries between tokens formed by the combination of amino acid sequences. This model assigns
a bias matrix defined by Host = βTx. This model achieved an accuracy of 82.0% and weighted F1
score of 81.0%. The LSTM and Random Forest Model achieved a greater accuracy and weighted
F1 score that is significant given that the original data was imbalanced. This indicates that host
specificity depends on a combination of sequence ordering and is partly compositional. Overall, the
models proposed in this study indicate that they are able to better learn features contributing to host
specificity than k-mer classical models.

4.3 In-silico Mutagenesis

In silico mutagenesis is a computational technique used to determine the change in the total free energy
of a protein that occurs because of a mutation in the amino acid sequence [35]. Here, it is used as a
perturbation analysis of a learned mapping fθ ◦ ϕ. Let s ∈ AL be a sequence and let Mi→b(s) denote
the sequence obtained by mutating position i to residue b ∈ A. Define the predicted host distribution
p̂(s) = fθ(ϕ(s)) ∈ ∆|Y|. A mutation sensitivity score at position i can be written as

∆i(b) = D
(

p̂(s), p̂(Mi→b(s))
)

, (12)

where D(·, ·) is a divergence/distance between probability vectors (e.g., a coordinate-wise difference
in a single host probability, a cosine distance, an ℓ2 distance, or KL divergence). Intuitively, ∆i(b)
measures how much the learned host map changes under a localized perturbation (a single-residue
mutation) at site i.
In this study, the Random Forest mapping was used to compute p̂ (highest overall accuracy). The
change in probability was quantified using a simple delta, cosine similarity, KL divergence and ℓ2
distance. The delta subtracts the probability that a sequence belongs to a particular host from the
probability after mutation. Cosine similarity compares probability vectors based on their angle [36],
the ℓ2 score (Euclidean distance) measures their distance [37], and KL divergence compares distribu-
tions [38]. These are given by equations (13)–(16) respectively.
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∆P = Pnew − Pold (13)

cos(θ) =
A ·B

∥A∥∥B∥
(14)

DKL(P∥Q) =
∑

i

P (i) log
P (i)

Q(i)
(15)

∥x∥2 =

√

∑

i

x2
i (16)

In Equation (13), Pold and Pnew denote the scalar predicted probability of a given host class before
and after mutation. In Equation (14), A and B denote two host-probability vectors (e.g., p̂(s) and
p̂(Mi→b(s))), and cos(θ) measures their angular similarity [36]. In Equation (15), DKL(P∥Q) quanti-
fies the information-theoretic discrepancy between two distributions P and Q [38]. In Equation (16),
∥x∥2 denotes the Euclidean norm of a vector, which induces an ℓ2 distance between probability vectors
[37].
In this study, an alanine scan has been used, which involves converting the amino acid at a given
residue position to alanine, which is chemically stable and inert, to determine the importance of that
amino acid in the context of host specificity [39]. For most residues a standard alanine-scan was per-
formed but for serine was mutated to cysteine, to ensure that the mutation is conservative and the
hydroxyl group is replaced by the thiol group with similar polarity [40].

For statistical testing, 4 random mutations were made in each of the four antigenic regions (the
discontinuous antigenic site II was split into 2 antigenic regions), and the perturbation magnitude
(e.g., ∆P ) was computed for each mutation. This can be framed as testing

H0 : median(∆P ) = 0 vs. H1 : median(∆P ) ̸= 0, (17)

using a Wilcoxon signed-rank (single-sample) test [41]. Let di be the nonzero signed differences (e.g.,
di = ∆Pi) and let Ri denote the rank of |di| among {|dj |}. The statistic

W =
∑

i:di>0

Ri (18)

sums the ranks of positive differences; under H0 the signs are (approximately) symmetric, so unusually
large or small values of W indicate a shift away from zero median.
To compare antigenic regions, a two-sample Mann–Whitney U test (rank-sum) can be used to test
whether one region tends to yield larger perturbations than another [42]. These results support that
perturbations within known antigenic sites induce statistically significant changes in p̂(s), aligning the
learned mapping with prior biological literature.

4.4 Analysis of Hidden States

A hidden state in an RNN represents the short-term memory of the network. Among the RNNs trained
using the integer encoding pipeline, the LSTM had the highest accuracy metrics, and therefore, it
was used to analyze interpretability. UMAP was used to reduce the dimensionality of the hidden
feature vectors and visualize it. Clustering of hidden states representing the same class indicates
that the machine can accurately discriminate between the classes. Figure shows the visualized hidden
states of the LSTM, which indicates high predictive power in determining the Canis lupus familiaris
class. Due to the imbalance in the classes, there is an overrepresentation of some classes, and certain
classes are not represented as they get lost during dimensionality reduction. The machine’s map also
visibly shows signs of misclassifying certain undersampled classes with dominant classes, which concurs
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Figure 4: Hidden State Analysis of LSTM Hidden States. There is clustering of the dots attributed to
a particular host class and the Canis class shows various separate clustering patterns.

with the findings from host-specific F1 scores. Another feature of the figure is that there are many
separate areas of clustering of the Canis lupus familiaris class, indicating that the hidden states are
also representing other differences in the proteins. These significant differences could be related to the
properties of the proteins, such as hydrophobicity, solubility, or structure.

4.5 Saliency Map Analysis

Saliency maps have been used in this study to determine the importance of a single residue position in
determining the host. This analysis was performed on the CNN even though it had lesser accuracy than
the LSTM, because saliency maps in CNNs represent global patterns that are useful for determining
residue importance, while in LSTMs they represent the feature importance for the hidden state, thus
representing only local patterns [31]. Let g ∈ {1, . . . , G} index host groups and let Sg,j denote a residue-
wise saliency summary (e.g., average saliency at residue j for samples from host g). A Kruskal–Wallis
test can be framed as

H0 : S1,j , . . . , SG,j have a common distribution vs. H1 : at least one differs, (19)

with test statistic (in terms of ranks) [43]

H =
12

N(N + 1)

G
∑

g=1

ng

(

R̄g − R̄
)2
, (20)

where N =
∑

g ng is the total sample size, ng is the group size, and R̄g is the mean rank within group
g.
To test whether saliency signals exceed what is expected under a null without residue structure,
computed saliency values were compared to a randomly permuted baseline [44]. Let di denote paired
differences between observed and permuted saliency summaries, e.g., di = Si − S̃i. The Wilcoxon
signed-rank test evaluates

H0 : median(d) = 0 vs. H1 : median(d) ̸= 0, (21)

with rank-sum statistic W =
∑

i:di>0 Ri on ranks Ri of |di| [41]. Across many residues, p-values were
adjusted with the Benjamini–Hochberg procedure [45], which declares significance for ordered p-values
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Figure 5: Average Saliency per species. There are distinct patterns in the regions of importance
independent of host.

p(1) ≤ · · · ≤ p(m) when p(k) ≤ (k/m)q for a chosen FDR level q. The combined results indicate that
saliency patterns differ by host and depart significantly from randomized baselines.

Of the regular patterns that are seen in the saliency maps, there is a relatively strong saliency value for
the residues in the range 460-520. This region, in addition to showing the strongest signals across hosts,
also is after the ectodomain, which is typically truncated at 439 [46]. To validate the importance of
this region a permutation test was conducted comparing the saliency in comparison to other randomly
selected regions over 500 samples, which statistically validates the hypothesis with a p-value of 0.03.
This region is the cytoplasmic domain of RABV G protein, which determines the virus’s entry into
the neurons and interaction with the M protein [9]. Therefore, there is reason to believe that the high
saliency value of this region is due to RABV evolving to adapt the most optimal way to enter the host
nervous cell which are different to each other. Overall, saliency map analysis identifies new regions of
interest and patterns in G protein-host dynamics.

5 Discussion

This study creates a novel pipeline for successfully determining the host from the RABV G protein.
This type of predictive modelling is useful for determining the phylogeny of new variants of RABV and
effectively containing it. Therefore, this type of model is also successful in the context of the broader
One Health, which takes a unified approach to human health by looking at the overall health of the
environment [47]. While, human deaths due to RABV have decreased due to greater vaccination of
common reservoirs, epizootic spreads are still common and such a model can help easily identify the
cause of such a spread [48]. This will be especially effective as the current database is expanded to
include a greater number of hosts and the number of protein samples of less common hosts increases.
This will not only increase the possible use cases of such a model but also improves the overall accuracy
of the model.

In addition to training a new mapping function, the use of XAI in computational virology is also a
significant contribution. The results of the learned maps validate existing literature on the importance
of antigenic sites in host specificity and add to the literature by identifying new regions. In partic-
ular, the region in the range 460–520, which shows a strong signal across all species, also provides
preliminary evidence for factors other than antigen–antibody binding affecting host affinity, as it is
not located in the ectodomain. The identification of this new region of interest from perturbation and
saliency map analysis indicates new regions which contribute to host adaptions in ways that existing
RABV literature does not fully emphasize. While these results provide promising early signs, it is
still necessary to validate these findings through wet-lab studies, which might also help explain the
empirical basis behind these statistical findings. Further, as part of One Health efforts, there is a need
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to vaccinate wildlife reservoirs of RABV, and there are no vaccines currently available for bats, which
are a common RABV host [49]. Understanding residue-wise contributions to pathogenicity and host
specificity will help develop targeted vaccinations for particular hosts such as bats.

In terms of predictive modelling, while attempts at making models more predictable greatly reduce the
opaque nature of these models, the first pipeline presented in this study is still not very explainable.
The PROTBert embeddings coupled with the PCA lead to this effect. A way to counteract this is to
use residue-level embeddings and train a deep RNN. This wasn’t done in this study due to the high
computational costs of generating residue-wise embeddings. To generalize this idea, in training more
complex architectures, it is important to ensure that computational costs are not so high that they
diminish the translation potential of the predictive model. The current models do manage to achieve
this balance while also being interpretable, which can be considered the most important consideration
for most ML models.

6 Conclusion

This study presents a highly interpretable and computationally efficient approach for learning a host-
mapping function for a particular RABV strain given the G protein sequence. Sensitivity and inter-
pretability analyses of the learned mappings validate existing literature while also pointing to new
patterns that require wet-lab validation. The LSTM-based map achieved the highest accuracy of
90.0%, followed by the CNN and GRU, supporting the utility of deep sequence-to-label mappings in
studying protein–host interactions. The results can be used for better containment and for developing
immunization strategies against RABV. While this study focuses on RABV, the same mathematical
pipeline (encoding ϕ plus learned map fθ) can be applied to other zoonotic viruses affecting many
hosts, supporting broader One Health efforts.
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