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Abstract

Pathogen identification is pivotal in diagnosing,
treating, and preventing diseases, crucial for
controlling infections and safeguarding public
health. Traditional alignment-based methods,
though widely used, are computationally intense
and reliant on extensive reference databases, often
failing to detect novel pathogens due to their low
sensitivity and specificity. Similarly, conventional
machine learning techniques, while promising,
require large annotated datasets and extensive fea-
ture engineering and are prone to overfitting. Ad-
dressing these challenges, we introduce PathoLM,
a cutting-edge pathogen language model opti-
mized for the identification of pathogenicity in
bacterial and viral sequences. Leveraging the
strengths of pre-trained DNA models such as
the Nucleotide Transformer, PathoLM requires
minimal data for fine-tuning, thereby enhancing
pathogen detection capabilities. It effectively cap-
tures a broader genomic context, significantly
improving the identification of novel and diver-
gent pathogens. We developed a comprehensive
data set comprising approximately 30 species
of viruses and bacteria, including ESKAPEE
pathogens, seven notably virulent bacterial strains
resistant to antibiotics. Additionally, we curated a
species classification dataset centered specifically
on the ESKAPEE group. In comparative assess-
ments, PathoLLM dramatically outperforms exist-
ing models like DciPatho, demonstrating robust
zero-shot and few-shot capabilities. Furthermore,
we expanded PathoLM-Sp for ESKAPEE species
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classification, where it showed superior perfor-
mance compared to other advanced deep learning
methods, despite the complexities of the task.

1. Introduction

Pathogens, ranging from flu viruses to severe disease agents
like tuberculosis, can cause significant health challenges,
leading to high morbidity and mortality, particularly in areas
with limited healthcare. The emergence of antibiotic resis-
tance further complicates treatment, elevating the risk of mi-
nor infections becoming fatal. Highlighted by the COVID-
19 pandemic, pathogen surveillance using next-generation
sequencing (NGS) is critical for monitoring public health
across various settings. Effective pathogen identification is
essential for timely disease management, informing treat-
ment strategies, and fostering advancements in medical re-
search.

Pathogens, including viruses, bacteria, fungi, and parasites,
are major causes of infectious diseases worldwide. Their
rapid mutation and reproduction make timely pathogen
identification crucial for effective interventions. However,
labeled data for these pathogens is scarce. To address
this, we curated a dataset focused on ESKAPEE (Ruekit
et al., 2022) and viral pathogens, using pathogenic strains
from the PATRIC database and non-pathogenic strains from
NCBI. This strategic compilation provided a robust dataset
allows the PathoLM model to effectively distinguish be-
tween pathogenic and non-pathogenic strains. To enhance
PathoLM’s pathogen detection, we expanded our dataset
with additional viral sequences from NCBI, targeting human
pathogens for the positive sample pool and using animal
pathogens as negatives. This strategy broadened our train-
ing scope to include about 30 diverse species, creating a
well-balanced dataset for our pathogen language model.

Previous pathogen detection methods used alignment-based
techniques that struggle with novel pathogens and require
intensive computation. To address these challenges, re-
cent advancements have integrated machine learning and
deep learning strategies, aiming to improve data classifi-
cation and analysis. However, these advanced methods
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often require complex feature engineering and large well-
annotated datasets for effective training. Many utilize k-
mer frequency-based features, which despite their efficacy
struggle with scalability and sensitivity, particularly in the
detection of new pathogens. Specifically, k-mer-based tech-
niques are adept at analyzing short reads but face obstacles
with large-scale data integration and are prone to overfit-
ting (Lorenzi et al., 2020; Watts et al., 2019; Liebhoff et al.,
2023). As for our knowledge, the latest method, DciPatho,
enhances pathogen identification by combining k-mer fre-
quency features ranging from 3 to 7 k-mers and integrates
three computational models—ResNet, DeepNet, and Cross-
Net—to create a robust intermediate representation. This
approach significantly outperforms previous methods like
PaPrBaG (Deneke et al., 2017), BacPaCS (Barash et al.,
2019), and DeePac (Bartoszewicz et al., 2020). Despite its
improvements, DciPatho still faces limitations related to
computational time for training from scratch, and its per-
formance heavily depends on the quality and size of the
training dataset.

Recent advancements in large foundation models have
shown significant promise in various fields, including
biomedicine and genomics (Li et al., 2021; Luu & Buehler,
2024; Bi et al., 2024). These models, trained on extensive
datasets, capture complex patterns and relationships in data,
which can be leveraged to improve pathogen detection. Uti-
lizing pre-trained language models strategically mitigates
the need for extensive domain-specific datasets and com-
putational power. In addressing these challenges, we in-
troduced PathoLLM, a genome modeling tool that uses the
pre-trained Nucleotide Transformer v2 50M (Dalla-Torre
et al., 2023) for enhanced pathogen detection in bacterial
and viral genomes, both improving accuracy and address-
ing data limitations. To the best of our knowledge, we are
the first to leverage the pre-trained knowledge of DNA lan-
guage model for pathogen prediction tasks. Moreover, we
have demonstrated PathoLM’s capabilities using different
foundation models as backbone, in zero-shot and few-shot
scenarios, showcasing its robust performance compared to
traditional machine learning and deep learning methods in
species classification. This model not only addresses the
challenges of limited data availability but also sets a new
standard in pathogen detection technology.

2. Materials and Methods

2.1. Data collection

ESKAPEE genome For the pathogen dataset, we down-
loaded 49,642 whole genome assemblies from the PATRIC
website (Gillespie et al., 2011), encompassing approxi-
mately 27 species of bacteria. From this collection, we re-
tained only the genomes of the seven ESKAPEE pathogens:
Escherichia coli, Enterococcus faecium, Staphylococcus

aureus, Klebsiella pneumoniae, Acinetobacter baumannii,
Pseudomonas aeruginosa, and all species from the Enter-
obacter genus. These genomes varied significantly in size,
ranging from 200 to 1,147,640 base pairs. For the Es-
kapee non-pathogen data, we sourced our dataset from the
NCBI database, ensuring to exclude any strains identified
as pathogens in the PATRIC database. We obtained 10,633
whole genome sequences, which originally included around
22 different species.

Viral genome All viral genome data were downloaded
from NCBI. For specific binary prediction, we limited
our train dataset to include species that has both human
pathogenic and non pathogenic virus. For coronavirus,
SARS, MERS, OC43, NL63, 229E, HKU1 strains were
considered as pathogenic (Saib et al., 2021). Bovine Coro-
navirus, Canine coronavirus, Feline coronavirus, Equine
Coronavirus, Bat coronavirus, Mink coronavirus, Murine
coronavirus, Avian coronavirus were considered as non-
pathogenic. For influenza, type A, B, and C were consid-
ered human pathogenic while type D was considered as
nonpathogenic (Centers for Disease Control and Prevention,
2024). For norovirus, strain GI, GII, GIV were considered
as human pathogenic strains while GIII, GV, GVI, GVII,
GVIII were considered as non pathogenic virus. (Hassan &
Baldridge, 2019) (Egberink & Horzinek, 1992)

Those species are common health surveillance targets that
are important for community-level monitoring. However,
since the databases focused on these species are mostly
studied with clinical patients, the non-pathogenic data were
comparably smaller than the human pathogenic data. To
reduce this data gap, we also gathered non-pathogenic virus
data that does not have any pathogenic strains but likely to
be found in wastewater metagenomic samples. Escherichia
phage T1& T7, Bacteriophage sp., Klesbsiella pneumoniae
phage, and Crassphage genome were extracted from NCBI.
Also, plant pathogens such as Tomato yellow leaf curl virus,
pepper mild mottle virus, and the tomato mosaic virus were
extracted.

2.2. Data processing
2.2.1. DATA FILTERING AND INTEGRATION

Our data preparation process began with the cleaning and
organization of ESKAPEE pathogen and non-pathogen
datasets separately. We simplified this data set to include
only seven species, mirroring the selection criteria used for
the pathogen data. The sequence lengths in this dataset
were more varied, ranging from 294 to 7,411,863 base pairs.
We expanded our binary prediction model by incorporating
viral genomes alongside bacterial ones. The viral dataset
included 25,229 complete genomes across 765 strains from
species with at least 10 genomes each, such as Influenza A
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Table 1. Viral data set for pathogenic and non-pathogenic species

VIRUS PATHOGENIC NONPATHOGENIC REFERENCES
CORONAVIRUS SARS, MERS, OC43, NL63, | BOVINE CORONAVIRUS, | (SAIB ET AL., 2021)
229E, HKU1 CANINE CORONAVIRUS,
FELINE CORONAVIRUS,
EQUINE CORONAVIRUS,
BAT CORONAVIRUS, MINK
CORONAVIRUS, MURINE
CORONAVIRUS, AVIAN CORO-
NAVIRUS
INFLUENZA TYPE A, B, C TYPE D (CENTERS FOR DISEASE
CONTROL AND PREVENTION,
2024)
NOROVIRUS GI, GII, GIV GIII, GV, GVI, GVII, GVIII | (HASSAN & BALDRIDGE,
2019)
IMMUNODEFICIENCY VIRUS HIV FIV, BIV, SIV (EGBERINK & HORZINEK,
1992)

and B, Norovirus, HIV, and SARS-CoV-2, among others.
Species names were standardized, and for nonpathogenic
viruses, we analyzed 1,782 genomes, focusing on the top 14
species. We then integrated these with the ESKAPEE bac-
terial data, creating a comprehensive dataset for our binary
prediction model. Training and testing sets were organized
using MMseqs?2 clustering to capture the genetic diversity,
with detailed clustering methods outlined later.

2.2.2. DATA PARTITIONING USING SEQUENCE
CLUSTERING

To ensure the creation of a robust and generalizable evalua-
tion dataset, we employed MMseqs2 (Steinegger & Soding,
2017) for clustering based on sequence similarity. This ap-
proach allowed us to systematically explore the impact of
similarity thresholds on model performance. Specifically,
we establish clusters using coverage and similarity thresh-
olds set at 80%, 60%, and 40%, resulting in three distinct
datasets for subsequent experimentation. By selecting the
highest sensitivity settings for the clustering process, we
aimed to capture the most detailed relationships within our
data. We subsequently allocated the generated clusters into
training and test sets using an 8:2 split, with the assurance
that both sets comprised different clusters. This methodical
division was designed to foster a well-generalized dataset,
leveraging the advanced capabilities of the MMseqs2 clus-
tering suite to ensure that our train-test splits reflected true
biological variations and complexities.

2.2.3. CREATING VARIED SEQUENCE LENGTHS FOR
PERFORMANCE SENSITIVITY ANALYSIS

To evaluate the impact of sequence length on model perfor-
mance, we conducted experiments using a range of sequence
lengths derived from whole genome assemblies. Specifi-
cally, we fragmented these assemblies into segments of
varying lengths, including 150, 500, 2k, 5k, 10k, 50k, as

well as using the entire genome sequence as input. For
each specified length, we generated a separate dataset. To
ensure the integrity of our experimental data, we applied
MMseqs?2 (Steinegger & Soding, 2017) clustering to each
dataset to eliminate highly similar sequences, utilizing both
coverage and similarity thresholds. This step was crucial
for maintaining diversity within our data and ensuring that
our findings were not biased by over represented sequences.

2.3. Pretrained model
2.3.1. PRETRAINING DATASET

We utilized the nucleotide transformer multispecies v2 (50
million parameter) (Dalla-Torre et al., 2023), pre-trained on
a diverse dataset depicted in Figure 1A, comprising 3,202
human genomes and 850 genomes from various species
across multiple phyla. We opted for the 50 million version
of the model for its scalability and efficiency, as it offers
comparable performance to the 250 million version but with
less computational intensity. The dataset, derived from
NCBI, selectively included one species per genus for broad
phylogenetic coverage, excluding plant and virus genomes
due to distinct regulatory differences. It was narrowed to 850
species across various taxa, totaling 174 billion nucleotides,
with proportional representation maintained. The dataset
includes well-studied genomes of bacteria like Escherichia
coli, fungi such as Saccharomyces cerevisiae, invertebrates
including Caenorhabditis elegans, protozoa like Plasmod-
ium species, and vertebrates such as Homo sapiens and Mus
musculus, ensuring inclusion of vital biological insights.

2.3.2. K-MER BASED TOKENIZATION

In natural language processing, sentences are split into
words based on semantics and grammar, while genomic
sequences lack clear “words,” making tokenization chal-
lenging. A common approach is k-mer tokenization, which
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divides the sequence into overlapping substrings of fixed
length. For this study, tokenization was performed using a
specialized tokenizer, designed for nucleic acids, that rec-
ognizes 4,096 unique 6-mer combinations and individual
nucleotides A, T, C, G and N. It includes special tokens
‘[PAD]", ‘[MASK]‘, and ‘[CLS]‘ for padding, masking, and
classification, respectively, resulting in a total vocabulary
of 4,104 tokens. Tokenization starts with a ‘[CLS]‘ token,
followed by converting sequences into tokens from left to
right, prioritizing 6-mer tokens. Where sequences contain
"N’ or do not fit into 6-mers, it defaults to individual nu-
cleotide tokens. This approach ensures that sequences are
converted into discrete tokens, preserving biological infor-
mation for deep learning. By fine-tuning the pretrained Nu-
cleotide Transformer model on these tokenized sequences,
the model’s ability to recognize complex nucleotide patterns
is leveraged, enhancing its accuracy in pathogen prediction.

2.3.3. BASIC ARCHITECTURE OF NUCLEOTIDE
TRANSFORMER

The Nucleotide Transformer v2 50M, designed for genomic
data, utilizes an encoder-only transformer architecture. It
starts by embedding 6-mer sequences into dense vectors,
enhanced with Rotary Positional Embeddings for positional
context up to 12kb. The model employs multi-head self-
attention within each transformer layer to analyze sequence
interdependencies, incorporating residual connections to
retain information. After normalization, the sequences pro-
ceed through a feed-forward network using Gated Linear
Units and Swish activation to boost processing efficiency.
In training, it predicts nucleotide occurrences to improve
genomic data interpretation.

2.4. Fine-tuning

We fine-tuned our pre-trained Nucleotide Transformer
model using the Hugging Face Transformers library, se-
lected for its robust support for genomic sequences. We
adapted the model to manage different sequence lengths,
padding shorter sequences and truncating longer ones be-
yond the 12,000 nucleotide context limit shown in Figure
1B. The model was optimized for both binary classification
of pathogens and detailed classification among ESKAPEE
species, using dual and septenary output labels, respectively.

The models were trained using the Adam optimizer with
an initial learning rate of 5e-5 and a 500-step warm-up to
mitigate premature convergence. We employed an early
stopping mechanism that ceases training if validation loss
does not improve after three evaluations, preventing over-
fitting and conserving resources. This approach effectively
harnessed the Nucleotide Transformer’s capabilities, fine-
tuning it for our genomic datasets to yield robust, precise
models for pathogen genomics.

2.5. Evaluation

Our model performance was assessed using a comprehen-
sive set of metrics: Accuracy, F1-Score, Matthews Correla-
tion Coefficient (MCC), and Area Under the Receiver Oper-
ating Characteristic Curve (AUC-ROC). Accuracy quanti-
fies the proportion of correct predictions among total cases,
while F1-Score balances precision and recall, especially in
uneven class distributions. MCC offers a correlation coeffi-
cient that remains robust across class sizes, and AUC-ROC
measures the model’s performance across various thresh-
old settings, indicating its ability to distinguish between
classes. These metrics provided balance between precision
and recall, binary classification quality, and discriminative
ability.

TP+ TN
TP+TN+ FP+FN
Where T'P = True Positives, T'N = True Negatives, F'P =
False Positives, F'IN = False Negatives.

Accuracy =

Precision x Recall

F1-S =2
core x Precision + Recall

TP

Where Precision = TPIFN -

TP —
TP+FP and Recall =

TP x TN — FP x FN
MCC = i i

/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

3. Results

3.1. Identifying pathogenicity from PATRIC ESKAPEE
species and human pathogen virus

The PathoLM model is built upon the pre-trained foundation
model, Nucleotide Transformer. To adapt the pre-trained
model parameters for our specific pathogen identification
task, we employed transfer learning techniques. Specifi-
cally, we used the frozen weights from the Nucleotide Trans-
former and fine-tuned them on our pathogen identification
dataset. To assess the effectiveness of PathoLM, we con-
ducted a comparison with state-of-the-art method, including
DciPatho (Jiang et al., 2023) on a binary prediction task.
Both PathoLLM and DciPatho were trained on the same train-
ing dataset and evaluated on the same held-out test dataset
to ensure a fair and consistent evaluation.

As shown in Figure 2, PathoLLM significantly outperforms
DciPatho across all evaluation metrics, thanks to the pre-
trained Nucleotide Transformer. This foundation enhances
PathoLLM’s ability to detect subtle genomic patterns essential
for accurate pathogen identification. Leveraging pre-trained
representations allows PathoLLM to deliver high accuracy
and reliability in pathogen detection, highlighting the effec-
tiveness of transfer learning in genomic applications.
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Figure 1. Model Architecture of PathoLM. (A) Pretraining steps of the genome foundation model on a large-scale dataset, where
tokenization and masking are applied before feeding the input sequence into the transformer block. (B) Finetuning steps for the pathogen
identification task using specific datasets, where no masking is applied.

3.2. Zero-Shot and Few-Shot Capabilities in Large
Language Models for Pathogenicity Identification

While traditional machine learning and deep learning mod-
els require supervised training with labeled data, large lan-
guage foundation models facilitate zero-shot classification,
classing sequences without labeled data. We compared the
zero-shot pathogen classification performance of four differ-
ent language models pre-trained in a self-supervised manner
on large-scale DNA sequence data, each differing in dataset
and training methodologies. For instance, DNABERT and
Nucleotide Transformer primarily utilize k-mer tokeniza-
tion, while DNABERT-2 (Zhou et al., 2023) employs byte-
pair encoding. DNABERT-S (Zhou et al., 2024) boosts
performance through Manifold Instance Mixup and Cur-
riculum Contrastive Learning. Our findings indicate that
DNABERT-S excels in zero-shot tasks with a 90% F1-score,
while NT-v2-50m achieves a commendable 70%, likely due
to its extensive multi-species training. DNABERT-2 and
HyenaDNA lag with performances less than 70% shown
in Figure 3. Additionally, we assessed the few-shot ca-
pabilities of these models by training with incrementally
larger samples, observing optimal performance at 25 sam-
ples, showcasing the strong few-shot learning potential of
large language models. Despite NT-v2-50m’s lower initial
zero-shot performance, it rapidly improves with minimal
data input, surpassing others with only two samples from

pathogen and non-pathogen categories, making it our model
of choice due to its broad training on multiple species and
lower computational demands compared to DNABERT-S.

3.3. Species classification with PathoLLM-Sp

We extended our PathoLM model to a species classification
task, specifically focusing on the seven ESKAPEE species,
naming this variant PathoLM-Sp. Given the absence of pre-
existing models trained for ESKAPEE species classification,
we benchmarked our model against several machine learn-
ing and deep learning methods. These included Random
Forest and XGBoost (machine learning), as well as a vanilla
1-layer CNN and a 1-layer LSTM (deep learning). For the
Random Forest classifier, we set n_estimators to 100. The
CNN model consisted of a single one-dimensional convolu-
tional layer with 64 filters and a kernel size of 3. We used
ReLU as the activation function and a max-pooling layer
with a pool size of 2. Following the convolutional layer, we
added two dense layers: one with 100 units and another with
7 units to represent the classes. The LSTM model featured
a single unidirectional LSTM layer with 50 hidden units.
Both the CNN and LSTM models were optimized using the
Adam optimizer and categorical cross-entropy loss.

All models were trained on the same training data and
evaluated on the same held-out test data to ensure a fair
comparison. PathoLM-Sp outperformed all other methods
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Figure 2. Performance comparison between PathoLM and state-of-
the-art method DciPatho on the binary prediction task.

in terms of accuracy, F1-score, MCC score, and balanced
accuracy shown in Figure 4. Although the overall perfor-
mance of species classification was lower than that of binary
prediction, PathoLM-Sp’s significantly higher performance
compared to other methods highlights the challenge of dis-
tinguishing between these species using the given input
data.

3.4. Performance Comparison on Different Train-Test
Sets Created Using MMseq2

To ensure a robust and generalized evaluation, we used MM-
seq2 to create different train-test splits based on sequence
clustering. MMseq2 was employed to generate clusters
using similarity threshold and coverage criteria. The clus-
ters were divided into training and testing sets at an 8:2
ratio, ensuring samples from different clusters for each set.
We created three distinct datasets with similarity thresh-
olds and coverage values of 80, 60, and 40. The perfor-
mance of our PathoLM-Sp model was compared against
other models using these datasets shown in Figure 5. The
results demonstrate that model performance improves as the
similarity threshold increases. Specifically, with an 80%
similarity threshold, the model achieves higher evaluation
metrics compared to the 60% and 40% thresholds. This
comparison highlights the impact of sequence similarity on
model performance. Higher similarity thresholds facilitate
better learning and generalization, as demonstrated by the
improved performance metrics.

1.0 s - - - -
0.9
o 0.8
o
(%)
7]
o7
Models
0.6 —8— NT-v2-50m
—e— DNABERT-S
—e— DNABERT-2
05 HyenaDNA
0-shot 2 5 10 25 50 100 500 1000 Full

Sample Size

Figure 3. Comparison of F1-scores for various genome language
models, highlighting their performance in zero-shot and few-shot
scenarios.

3.5. Performance comparison for varied sequence length

We conducted a thorough performance comparison of
PathoLM-Sp and other models on datasets with varying
sequence lengths to evaluate how sequence length affects
model performance. Different contig datasets were created
with the following lengths: 150 bp, 500 bp, 2k bp, 5k bp,
10k bp, and 50k bp. The results indicate that PathoLM-Sp
consistently outperforms other models across all sequence
lengths. While other models, including Random Forest,
XGBoost, CNN, and LSTM, show an improvement in per-
formance with increasing sequence length, PathoLM-Sp
maintains a higher level of accuracy and robustness regard-
less of sequence length shown in Figure 6. For instance,
at the shortest sequence length of 150 bp, PathoLM-Sp
demonstrates superior performance compared to other mod-
els. This trend continues as the sequence length increases to
500 bp, 2k bp, 5k bp, 10k bp, and 50k bp, where PathoLM-
Sp consistently achieves higher evaluation metrics such as
accuracy, F1-score, MCC score, and balanced accuracy. The
ability of PathoLM-Sp to perform well even with shorter
sequences highlights its effectiveness in leveraging the pre-
trained knowledge from the Nucleotide Transformer. This
capability is particularly advantageous when dealing with
datasets where longer sequences may not always be avail-
able or practical to use. Conversely, other models benefit
from longer sequences as they provide more comprehen-
sive genomic information, leading to improved performance.
The performance comparison across varied sequence lengths
underscores the robustness and versatility of PathoLM-Sp
in species classification tasks. Its consistent performance
across different sequence lengths makes it a reliable choice
for genomic analysis, outperforming traditional machine
learning and deep learning models, especially when data
availability and sequence length vary.
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Figure 4. Performance comparison between PathoLM-Sp and vari-
ous machine learning and deep learning methods on the ESKAPEE
species classification task. PathoLM-Sp outperforms all other
methods across multiple evaluation metrics.

4. Discussion

In this study, we introduce PathoLLM, a novel language
model tailored for pathogen identification, drawing signifi-
cantly from a pre-trained foundational model and a meticu-
lously curated dataset of high-risk pathogens. This founda-
tion imbues PathoLM with a deep genomic understanding,
enabling it to discern subtle differences between pathogenic
and nonpathogenic sequences across viruses and ESKAPEE
bacteria, thereby enhancing its performance. Our database,
concentrated on about 30 bacterial and viral species with a
focus on ESKAPEE pathogens, supports extensive pathogen
prediction tasks and offers a valuable resource for further
research. Additionally, our PathoLM-Sp variant, designed
for ESKAPEE species classification, surpasses conventional
machine and deep learning methods in accuracy, highlight-
ing the effectiveness and flexibility of our model.

Despite these advances, our model has limitations, notably
the Nucleotide Transformer v2 50M’s maximum context
length of 12k bp. Sequences exceeding this length must
be fragmented for analysis, potentially missing broader se-
quence interactions. Moreover, training high-parameter lan-
guage models demands extensive computational resources.
While the 50 million parameter model is manageable, the
more accurate 250 million parameter version is even more
resource-intensive. Additionally, PathoLM-Sp’s species
classification accuracy around 41% suggests room for im-
provement, particularly for species beyond E. coli. Future
work will explore integrating diverse features to enhance
model performance. Despite these challenges, our work
significantly advances pathogen identification using pre-
trained language models and provides a valuable dataset for
ESKAPEE species, underscoring the potential for further
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F1-Score

mcc

Performance Metrics

AUC

Acc
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Figure 5. Performance comparison of PathoLM for different train
and test set data created using mmseq?2 clustering. The miliarity
threshold 80, 60, 40 are shown as mmseq80, mmse60, mmseq40.

enhancements and the current effectiveness of our approach.

5. Code and Data Availability

We downloaded the ESKAPEE dataset from PATRIC
website [https://www.bv-brc.org/] and downloaded viral
and nonpathogenic ESKAPEE data from NCBI website
[https://www.ncbi.nlm.nih.gov/]. The source code and data
of PathoLM will be revealed after complete experimenta-
tion.
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