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Abstract
Prompt and accurate identification of Listeria monocytogenes at the whole-genome level is essential for food safety 
surveillance and outbreak prevention, yet existing culture-based, PCR, and next-generation sequencing (NGS) workflows are 
either slow, labor-intensive, or rely on opaque machine learning models with limited interpretability. This study proposes an 
explainable genomic classification framework that couples transformer-based DNA embeddings with gradient boosting to 
distinguish Listeria from non-Listeria genomes. A curated dataset of 700 complete bacterial genomes (350 L. monocytogenes 
and 350 biologically related non-Listeria genomes) was assembled from the NCBI Assembly database and rigorously filtered 
to retain high-quality assemblies. Each genome was tokenized into overlapping 6-mers and encoded using the pretrained 
DNABERT model to obtain contextual genome-level embeddings, which were then classified with a LightGBM classifier. 
Model decisions were interpreted using SHapley Additive exPlanations (SHAP) to quantify the contribution of individual 
embedding dimensions and associated k-mer patterns to each prediction. After final verification of the confusion matrix, the 
proposed DNABERT + LightGBM + SHAP pipeline correctly classified 335/350 Listeria genomes and 330/350 non-Listeria 
genomes, corresponding to 665/700 correct classifications and a corrected accuracy of 95.00%. The same evaluation yielded 
precision of 94.37%, recall of 95.71%, F1-score of 95.03%, and an AUC of 0.9976. Comparative experiments show that the 
framework consistently outperforms conventional k-mer-based Random Forest, TF-IDF + SVM, CNN, XGBoost, and DNABERT 
+ Logistic Regression baselines across all metrics. Beyond its strong predictive performance, SHAP-based analysis reveals 
discriminative sequence patterns that may correspond to putative genomic signatures of Listeria. Overall, the proposed 
approach provides a high-performance, interpretable tool for genome-scale Listeria identification and offers a transferable 
template for explainable pathogen genomics in food safety and public health applications.

Keywords
Listeria genomes, DNABERT, explainable artificial intelligence (XAI), SHAP, LightGBM, k-mer embeddings, transformer-based 
models

Received: 18 December 2025; Revised: 24 April 2026; Accepted: 23 May 2026

1Department of CSE, Vel Tech Rangarajan Dr.Sagunthala R&D Institute of Science and Technology, Chennai, India
2Department of CSE, Dayananda Sagar University, Bangalore, India
3Department of CSE, Chettinad Institute of Technology, Manamai Campus, Chettinad Academy of Research and Education, Chennai, India
4Technology and Applied Sciences Laboratory, U.I.T. of Douala, University of Douala, Douala, Cameroon
5Department of Biosciences, Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences, Chennai, India
6Applied Science Research Center, Applied Science Private University, Amman, Jordan

Corresponding author: 
Wulfran Fendzi Mbasso, Technology and Applied Sciences Laboratory, U.I.T. of Douala, University of Douala, P.O. Box 8689, Douala, Cameroon; Department 
of Biosciences, Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences, Chennai 602105. 
Email: fendzi.wulfran@yahoo.fr

Creative Commons Non Commercial CC BY-NC: This article is distributed under the terms of the Creative Commons 
Attribution-NonCommercial 4.0 License (https://creativecommons.org/licenses/by-nc/4.0/) which permits non-commercial use, 
reproduction and distribution of the work without further permission provided the original work is attributed as specified on the SAGE and 
Open Access pages (https://us.sagepub.com/en-us/nam/open-access-at-sage).

https://uk.sagepub.com/en-gb/journals-permissions
https://doi.org/10.1177/11779322261457840
https://journals.sagepub.com/home/bbi
https://orcid.org/0000-0002-4049-0716
mailto:fendzi.wulfran@yahoo.fr
https://creativecommons.org/licenses/by-nc/4.0/
https://us.sagepub.com/en-us/nam/open-access-at-sage


1. Highlights
· Proposes an explainable genome-scale framework for Listeria monocytogenes identification using transformer- 

derived DNABERT embeddings.
· Integrates DNABERT feature extraction with a LightGBM classifier and SHAP-based interpretation to combine high 

accuracy with transparent decision-making.
· Evaluates the model on a curated dataset of 700 complete bacterial genomes (Listeria vs. non-Listeria) obtained 

from NCBI.
· Achieves strong predictive performance with 95.00% accuracy, 94.37% precision, 95.71% recall, 95.03% F1-score, 

and 0.9976 AUC, outperforming multiple conventional ML and DL baselines.
· Reveals discriminative sequence patterns as putative genomic signatures of Listeria, providing a generalizable 

template for explainable pathogen genomics in food safety and public health surveillance.

2. Executive Summary
Listeria monocytogenes remains a high-impact foodborne pathogen because of its ability to survive refrigeration, persist in 
food-processing environments, and cause severe, often fatal infections in vulnerable populations. While culture-based 
methods, PCR assays, and next-generation sequencing (NGS) pipelines have significantly advanced Listeria surveillance, 
they are either time-consuming, limited to a small set of marker genes, or dependent on complex bioinformatics workflows 
that are difficult to deploy routinely. At the same time, recent machine learning and deep learning approaches can extract rich 
information from genomic data but often behave as “black boxes,” making it hard for food safety and public health 
practitioners to trust and interpret their decisions.

This study addresses these challenges by proposing an explainable machine learning framework for genome-level 
identification of Listeria based on transformer-derived DNA embeddings. A curated dataset of 700 complete bacterial 
genomes was assembled from public repositories, ensuring high assembly quality and a representative mix of Listeria and 
non-Listeria species. Each genome was segmented into overlapping k-mers (typically 6-mers) and encoded using 
DNABERT, a transformer model adapted from the BERT architecture for biological sequences. DNABERT generates 
contextual embeddings that capture both local motifs and long-range dependencies along the genome, providing a much 
richer representation than simple k-mer counts or hand-crafted features.

The resulting genome-level embeddings were then used as input to a Light Gradient Boosting Machine (LightGBM) 
classifier, chosen for its efficiency, scalability, and strong performance on high-dimensional feature spaces. To ensure that the 
model is not only accurate but also transparent, SHapley Additive exPlanations (SHAP) were applied to the trained 
LightGBM model. SHAP values decompose each prediction into additive contributions from individual embedding 
dimensions, which can be traced back to specific sequence patterns, thereby offering genome-level explanations of why a 
given isolate is classified as Listeria or non-Listeria.

Experimental results show that the proposed DNABERT + LightGBM + SHAP pipeline delivers robust predictive 
performance on the 700-genome curated evaluation dataset. After final verification of the confusion-matrix counts, the model 
correctly classifies 335 of 350 Listeria genomes and 330 of 350 non-Listeria genomes, corresponding to 665 correct predictions 
out of 700 genomes. This yields a corrected accuracy of 95.00%, precision of 94.37%, recall of 95.71%, F1-score of 95.03%, and 
AUC of 0.9976. These figures indicate a well-balanced classifier that is both sensitive to Listeria genomes and selective enough 
to minimize false positives. Comparative experiments against several strong baselines—including k-mer Frequency + Random 
Forest, TF–IDF + SVM, One-Hot + CNN, k-mer Counts + XGBoost, and DNABERT + Logistic Regression—demonstrate 
that the proposed framework consistently outperforms conventional approaches across all major evaluation metrics.

Beyond raw performance, the SHAP-based analysis reveals discriminative sequence patterns embedded within the 
DNABERT representations, suggesting potential genomic signatures that distinguish Listeria from closely related taxa. This 
coupling of state-of-the-art sequence embeddings with an interpretable tree-based classifier offers a practical and trustworthy 
solution for laboratories seeking to integrate machine learning into their genomic surveillance workflows. Overall, the study 
provides a high-performance, explainable pipeline for Listeria genome identification and outlines a generalizable template 
that can be extended to multi-class pathogen classification and metagenomic screening in real-world food safety and public 
health applications.

3. Background of the Study
Listeria monocytogenes is a food-related, Gram-positive organism that causes listeriosis, a serious infection that results in 
increased death rates, particularly in those with impaired immune systems, infants, pregnant women, and old people.1
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Although having a low prevalence in assessment compared to other food-related pathogens, Listeria monocytogenes has a 
serious impact on food safety and regimen because of its flexibility in tough conditions and capacity to reside in food 
processing situations. Hence, fast and defined genomic-level Listeria detection is vital for competent outbreak control and 
inhibition.2 Traditional detection methods, comprising culture-based assays, PCR, and serotyping, are often work- 
intensive, challenging, and deficient in the purpose essential for accurate category discrepancy. Culture-based detection3

was prospective benchmark for microbiological testing and is integrally time-consuming—often needing 2 to 5 days for 
improvement, separation, and validation. Furthermore, these methods need specific laboratory infrastructure and skilled 
people, making them less fit for fast, field-based diagnostics. PCR and real-time PCR4 analyses have improved detection 
time and sensitivity; however, they still face debates relating to specificity, particularly when distinguishing like Listeria 
species. Also, PCR techniques target only a small number of marker genes, restraining their ability to detect genomic 
variability or novel strains. Next-generation sequencing (NGS)5 has recently developed as a powerful tool for microbial 
identification, presenting high-resolution and whole-genome perceptions. But typical bioinformatics pipelines for NGS 
often involve difficult workflows and require skilled understanding. The initiation of high-speed genome systemizing 
technologies has transformed bacterial symptoms, easing type classification with unique accuracy. Conversely, efficiently 
transforming raw genomic data into practical insights remains difficult, mainly against explicit and computational 
productivity.

In biomedical applications, the choice of machine learning (ML) models depends not only on their prognostic per
formance but also on their clarity and demonstration. Deep neural networks attain high accuracy; their decision-making 
processes remain an important barrier to scientific acceptance. In contrast with other domains, biomedical decisions directly 
affect patient outcomes, public health procedures, or food safety standards. The objectives of the proposed work are

· Exploit DNABERT for genomic feature extraction.
· Construct a high-performance classifier for genome-level identification.
· Establishing the interpretability of genomic predictions.
· Verify the model on large-scale genomic data.

Current improvements in deep learning have shown potential in getting difficult biological patterns straight from raw 
DNA sequences.6 Among these, DNABERT—a transformer-based model reformed from the BERT architecture7—has 
shown unique enactment in encrypting genomic context through k-mer tokenization.8 The proposed work presents an 
explicable and high-performance classification pipeline for Listeria genome identification. The proposed approach integrates 
DNABERT for feature extraction, Light Gradient Boosting Machine (LightGBM)9 for classification, and SHapley Additive 
exPlanations (SHAP)10 for later model defining. The proposed work holds the power of transformer embeddings, the 
competence of gradient boosting, and the distinctness of SHAP to support both accurate and understandable genomic 
classification. The objective is to evaluate the efficiency of this hybrid pipeline on a categorized dataset of 700 bacterial 
genomes sourced from the NCBI database. The combination of DNABERT with identifiable machine learning will improve 
classification performance and also provide biologically meaningful perceptions into sequence-level distinguishers of 
Listeria monocytogenes.

Unlike prior studies that rely primarily on hand-engineered k-mer counts, shallow sequence statistics, or opaque end-to- 
end classifiers, the present study contributes an explainable genome-level identification framework built around three 
complementary design choices. First, we use pretrained DNABERT embeddings to encode bacterial genomes as contextual 
sequence representations rather than as purely frequency-based descriptors. Second, we pair these embeddings with 
LightGBM, which can model non-linear feature interactions while remaining computationally efficient and easier to audit 
than many deep end-to-end alternatives. Third, we use SHAP not only to rank influential embedding dimensions but also to 
trace influential windows back to representative 6-mer patterns, thereby creating a bridge between predictive performance 
and biological interpretation. In this way, the methodological contribution lies not in a simple concatenation of existing tools, 
but in the construction of an interpretable genomic classification workflow specifically tailored to distinguishing Listeria 
from a biologically challenging set of non-Listeria genomes.

4. Method Details
The proposed research presents a three-phase process for genome-based classification of Listeria monocytogenes, combining 
DNABERT for feature extraction, LightGBM for classification, and SHAP for model defining. The methodology includes 
dataset preparation, embedding generation, model training, and explanation generation.
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4.1. Data Collection and Preprocessing

In the proposed study, a total of 700 complete bacterial genomic data were categorized from the NCBI Assembly Database 
(https://www.ncbi.nlm.nih.gov/assembly).11 The dataset comprised two equally sized classes: 350 genomes of Listeria 
monocytogenes and 350 genomes from non-Listeria bacterial species that are biologically similar. To ensure fine and reliable 
inputs, genome sequences were downloaded in FASTA format (.fna). Each genome underwent preprocessing before feature 
extraction. Sequences comprising ambiguous nucleotide imprints such as ‘N', were removed, and genomes with total 
sequence lengths below 500 kilobase pairs (L < 500,000 bp) were removed to maintain a genome-level detailed set. Genome 
length distributions were examined, and no substantial bias was observed across the dataset. The dataset is defined as 

D =
��

xi, yi
� � 700

i=1, yi ∈ {0, 1 } (1) 

where xi represents the nucleotide sequence of the i-th genome, and yi is the binary class label, with yi =1 for Listeria 
monocytogenes and yi =0 for non-Listeria species. This preprocessing pipeline ensured that fine, complete genome 
assemblies were used. Quality filtering was used to eliminate data that were unwanted, partial, or holding only complete 
genome sequences. A sequence cleaning procedure was performed, whereby each FASTA file was analyzed to remove any 
genomic sequences comprising uncertain nucleotide characters, such as ‘N’, which can introduce ambiguity into long-stream 
analysis. This dataset formed the basis for consequent feature embedding using DNABERT and classification using gradient 
boosting models. To prevent data leakage and confirm unbiased evaluation, strict separation between training and testing data 
was sustained throughout the pipeline. All preprocessing steps, including feature extraction and normalization, were 
performed individualistically within each training fold during cross-validation. Additionally, genomically similar sequences 
were cautiously distributed to avoid overlap between training and test sets, maintaining evaluation validity.

A total of 700 bacterial genomes were retrieved from the NCBI Assembly database, comprising 350 Listeria mon
ocytogenes genomes and 350 non-Listeria genomes selected to provide a biologically relevant negative class. Genome 
selection was performed using the following inclusion criteria: (i) assembly available in FASTA format, (ii) assembly 
meeting the study’s minimum quality threshold, (iii) absence of ambiguous nucleotide stretches retained after preprocessing, 
and (iv) total assembled genome length ≥ 500 kb. Exclusion criteria included assemblies containing unresolved ambiguity 
after cleaning, assemblies shorter than the minimum threshold, duplicated entries, and records lacking sufficient metadata for 
taxonomic confirmation. For transparency, Supplemental file [s1-metadata] lists each genome accession, species, genus, 
family, order, assembly level, and study label.

4.2. Data Splitting and Leakage Control

To minimize information leakage, train/test partitioning was performed at the grouped-genome level rather than at the 
individual-record level. Genomes sharing the same strain identifier, BioSample, BioProject, or other near-duplicate project 
metadata were assigned wholly to a single partition. Consequently, no strain-level replicate or project-linked assembly was 
allowed to appear in both training and test sets. This grouped splitting strategy was chosen to ensure that performance reflects 
generalization to unseen genomes rather than recognition of closely related duplicates.

4.3. DNABERT Embedding

DNABERT’s benefit lies in its skill to learn deep, appropriate, and biologically significant representations of DNA sequences 
through its transformer architecture and widespread pre-training. This allows it to capture complex relationships and features 
that are frequently missed by more traditional genomic embedding methods, eventually leading to higher classification 
performance. DNABERT12 is a transformer-based deep learning model precisely designed for DNA sequences and was 
utilized to effectively capture the consecutive patterns present in genomic data. DNABERT uses the Bidirectional Encoder 
Representations from Transformers (BERT) architecture to genomic data by handling DNA sequences as natural language 
composed of overlapping k-mers rather than fixed-length characters. This method is used for the designing of long-range 
provinces and positional relationships between nucleotides that are often neglected by traditional machine learning.

Each genome sequence was first segmented into a series of corresponding k-mers (normally 6-mers, i.e., k=6), such that 
for a sequence of length L, the total number of k-mers generated is L−k+1. This process reflects tokenization in natural 
language. 6-mers provide a better off local context, allowing the model to recognize short-range dependencies and common 
biological words more efficiently. The publicly available pretrained DNABERT-6 model is used, which functions on 6-mers 
and controls a multi-layer bidirectional transformer encoder to create fixed-length contextual embeddings for input k-mer 
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sequences.13 The pretrained model consists of 12 transformer layers, each with 12 self-attention heads and a hidden size 
of 768.

The feature representations for classification are obtained by passing each genome’s k-merized sequence through the 
pretrained DNABERT model. For each window, the output embedding representing the [CLS] token was extracted, which 
serves as a shortened summary of the sequence window. These [CLS] token embeddings were averaged across the genome to 
produce a fixed-size vector representation for each genome, thereby confirming uniform input dimensions for the 
classification model irrespective of sequence length. Mathematically, the embedding for a genome G with k-mers [t1, t2,…, 
tn] is computed as 

EG =
1
n

∑
n

i=1
DNABERTCLS(ti) (2) 

where DNABERTCLS(ti) denotes the [CLS] embedding of the i-th window input to DNABERT. DNABERT moderates the 
rival of dimensionality related to confined high-order k-mer counts and enables transfer learning by using pre-trained 
knowledge from large-scale genomic masses. The use of [CLS] embedding averaging was implemented to attain a stable 
global representation of genome sequences. Alternative pooling strategies, including max pooling and attention-based 
pooling, were also considered; however, CLS averaging offered an optimal balance between computational efficiency and 
representation consistency.

For each genome, overlapping 6-mer tokens were processed in windows compatible with the pretrained DNABERT-6 
model. The [CLS] embedding extracted from each window was treated as a compact contextual summary of that window, and 
genome-level representation was obtained by arithmetic averaging across all window-level [CLS] vectors. Mean pooling was 
selected because it yields a fixed-dimensional representation for genomes of variable length, is computationally stable, and 
avoids the substantial memory overhead of retaining all window embeddings for downstream modeling. At the same time, we 
acknowledge that mean pooling may dilute highly localized signals and partially obscure positional structure.

4.4. LightGBM Classification Methodology

The Light Gradient Boosting Machine (LightGBM) is a high-performance gradient boosting framework used to classify 
genome embeddings obtained from the DNABERT model. LightGBM builds decision trees in a leaf-wise manner instead of 
the traditional level-wise method, which considerably decreases loss and improves convergence during training. LightGBM 
has outstanding performance on biological data and its adaptability for large-scale genomic datasets. Its leaf-wise tree growth 
strategy allows efficient handling of difficult feature connections, leading to enhanced predictive accuracy.14 LightGBM 
provides built-in support for data processing and GPU acceleration, making it highly suitable for processing the embeddings 
created by DNABERT.

Each genome was changed into a fixed-size embedding using DNABERT. These embeddings, showing genome-level 
features formulated on nucleotide sequences, served as the input feature matrix X ∈ Rn×d , where n represents the number of 
genome samples and d is the embedding dimension. Let X ∈ Rn×d  denote the DNABERT embedding for genome i and 
Yi ∈ {0, 1 } denote the corresponding binary label. Here, 0 represents Non-Listeria and 1 represents Listeria). LightGBM 
learns a function f(x) such that 

bYi = f (xi) = ∑
K

k=1
Tk(xi) (3) 

where Tk(xi) denotes the output of the kth decision tree. The conclusive prediction is derived by combining outputs of all K 
trees. The objective function reduced during training is 

L = ∑
n

i=1
l
�
yi,by i

�
+Ω(f )

where l is the binary cross-entropy loss and Ω(f ) is a regularization term to prevent desperately complex models.
The LightGBM classifier was trained using 700 DNABERT-embedded genome samples, each signified as a high- 

dimensional feature vector.15 The key hyperparameters were fine-tuned using grid search and five-fold cross-validation. The 
LightGBM classifier was configured using Gradient Boosted Decision Trees with a binary objective function. Key 
hyperparameters included 100 boosting iterations, a learning rate of 0.05, and a maximum tree depth of 10 to balance learning 
capacity and overfitting control. The number of leaves was set to 31, with a minimum of 20 samples per leaf to ensure stable 
splits. To improve generalization, subsampling and feature sampling rates were set to 0.8. Regularization was applied using 
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L1 and L2 penalties (0.1 each), and a fixed random seed ensured reproducibility. Additionally, column-wise histogram 
construction was empowered to improve computational efficiency for high-dimensional genomic embeddings.

The final model was configured with 100 boosting iterations to provide sufficient learning capacity for the DNABERT 
embeddings while limiting overfitting. A maximum tree depth of 10 was selected to capture non-linear feature interactions 
related to Listeria identification without producing excessively complex trees. A learning rate of 0.05 provided a stable 
balance between convergence speed and generalization. The Gradient Boosted Decision Trees (GBDT) algorithm was used 
with a binary objective function. To address the reviewer’s concern regarding validation robustness, the final evaluation was 
reported using a grouped, leakage-aware protocol and complemented by repeated stratified five-fold cross-validation. The 
corrected confusion-matrix totals are therefore reported explicitly at the genome level for the curated 700-genome evaluation 
set, while cross-validation statistics are reported separately.

LightGBM hyperparameters were selected using grid search with stratified five-fold cross-validation on the training 
partition. The final model used the following configuration: objective='binary’, boosting_type='gbdt’, learning_rate=0.05, 
n_estimators=100, max_depth=10, num_leaves=31, min_child_samples=20, feature_fraction=0.8, bagging_
fraction=0.8, bagging_freq=5, lambda_l1=0.1, lambda_l2=0.1, and random_state=42. These values were retained because 
they provided the best cross-validated balance between discrimination and overfitting control.

4.5. SHAP-Based Explainability

SHapley Additive exPlanations (SHAP)—an integrated structure is used to understand the predictions made by the 
LightGBMclassifier. SHAP values measure the impact of each feature of DNABERT-derived k-mer embeddings to the 
model’s prediction for a given genome sample.16 In biomedical machine learning, model clarity is important for dependence, 
medical recognition, and consequent biological validation. SHAP addresses this need by allocating each feature an 
importance score based on its marginal contribution across all probable feature combinations.17 SHAP confirms reliability 
and accuracy, making it a perfect tool for explaining LightGBM’s output on intricate genome embeddings.

The TreeSHAP algorithm is an effectual variant of SHAP designed precisely for tree-based models such as LightGBM. 
Let f(x) denotes the LightGBM model prediction for a genome embedding x. SHAP disintegrates f(x) into the sum of feature 
contributions ϕi. 

f (x) = ϕ0 +∑
d

i=1
ϕi (4) 

Where ϕ0 is the base value (predictable model output over the training data), ϕi is the SHAP value for feature i, representing its 
consequence on the prediction. Integrating SHAP features back to nucleotide patterns or regions in the genome biological 
insights is gained into which k-mers were constantly related with Listeria classification. This layer enables the discovery of 
possible genomic signatures that can monitor experimental validations. (Figure 1).

The SHAP summary plot shows the task of each k-mer feature, such as kmer_8, kmer_2, and so on, in the LightGBM 
model prediction in the proposed work. This plot secures the impact each feature has on the model’s output. Red-colored dots 
to the right or left show how high feature values cooperate with the classification result. The red indicates a high feature value, 
blue indicates a low feature value, and the x-axis indicates the magnitude and direction of impact on the proposed system’s 
output. The positive SHAP values increase the likelihood of Listeria, negative values decrease it. It helps to understand which 
k-mers are significant of Listeria presence—useful for long-term genomic analysis. SHAP analysis identified biologically 
relevant k-mers, including GC-rich motifs associated with regulatory regions and AT-rich sequences related to promoter 
regions, indicating potential genomic markers distinguishing Listeria. Experiments were conducted on a system with an Intel 
i7 processor, 16 GB RAM, and optional GPU support. DNABERT embedding and LightGBM classification were 
implemented in Python, with efficient runtime suitable for large-scale genome analysis.

4.6. Study Design and Reporting Framework

This study was reported in accordance with the TRIPOD+AI framework, which provides guidance for studies that develop 
and/or validate prediction models using machine-learning methods. Because the present work develops and evaluates a 
binary genomic classification model, the TRIPOD+AI checklist was considered the most appropriate EQUATOR-aligned 
reporting standard and is provided as a supplemental file[S2- Completed TRIPOD+AI Checklist].
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4.7. Statistical Analysis

In addition to the primary grouped evaluation, model robustness was assessed using repeated stratified five-fold cross- 
validation with 10 independent repetitions. For each run, accuracy, precision, recall, F1-score, and area under the receiver 
operating characteristic curve (AUC) were recorded, and summary values are reported as mean ± standard deviation. 
Confidence intervals for the primary genome-level metrics were estimated using bootstrap resampling with 1,000 resamples. 
To assess whether the proposed model significantly outperformed the strongest baseline on the same evaluation samples, 
McNemar’s test was applied to paired prediction outcomes, with statistical significance assessed at α = 0.05.

5. Method Validation
The proposed model was validated by its robust predictive performance in categorizing Listeria monocytogenes and non- 
Listeria genomes. After final verification of the confusion matrix, the proposed model correctly classified 335 out of 
350 Listeria genomes and 330 out of 350 non-Listeria genomes. These counts correspond to 665 correct classifications out of 
700 genomes and yield an accuracy of 95.00%. The precision for the Listeria class was 94.37%, recall was 95.71%, and F1- 
score was 95.03%, indicating a well-balanced classifier with high sensitivity and a low false-alarm rate. (Figure 2). The model 
performance was additionally validated using five-fold cross-validation to strengthen generalization and reduce overfitting 
risk. The dataset was split into five equal folds, where in each iteration four folds were used for training and one fold was used 
for validation. The average performance across folds attained an accuracy of 94.12% ± 0.83, precision of 94.28% ± 0.79, 
recall of 95.54% ± 0.91, and F1-score of 94.89% ± 0.85. These results confirm that the reported performance is not driven by a 
single favorable partition.

The confusion matrix encapsulates the model’s performance in distinguishing between Listeria monocytogenes and non- 
Listeria genomes. (Figure 3). This matrix shows that the proposed model has strong prescient power, with high true positive 
and true negative rates. The number of misclassifications is comparatively low, representing the model as both subtle in 
detecting Listeria and in eluding false alarms.

The ROC (Receiver Operating Characteristic) curve and AUC (Area Under the Curve) graph provide a threshold- 
independent assessment of the binary classification performance for Listeria genome identification. (Figure 4). In the ROC 
curve, the x-axis represents the false positive rate (FPR), while the y-axis indicates the true positive rate (TPR), also known as 
recall or sensitivity. The curve shows the proposed model’s capacity to differentiate between Listeria and non-Listeria 
genomes at various decision thresholds. The ROC curve lies close to the upper-left region of the plot, confirming strong 
discriminative ability. The AUC score—calculated from continuous predicted probabilities—is 0.9976, signifying excellent 
ranking performance across the two classes.

Figure 1. SHAP summary plot
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The efficiency of the proposed DNABERT + LightGBM + SHAP framework was evaluated through comparison with 
several standard machine learning and deep learning models commonly used in genomic sequence classification. These 
included (i) k-mer frequency features combined with Random Forest (RF), (ii) TF-IDF-transformed k-mers with Support 
Vector Machine (SVM), (iii) one-hot encoded genomic sequences input into a Convolutional Neural Network (CNN), (iv) 
k-mer count features fed into an XGBoost classifier, and (v) DNABERT-derived embeddings with Logistic Regression. All 
models were evaluated on the same curated dataset comprising 700 complete bacterial genomes—350 Listeria mono
cytogenes and 350 non-Listeria genomes—using the same preprocessing, grouping, and leakage-control criteria. Per
formance evaluation focused on broadly used classification metrics: accuracy, precision, recall, F1-score, and Area Under the 

Figure 2. Performance of the proposed system based on accuracy, precision, recall andF1score

Figure 3. Confusion matrix obtained for theproposed system
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Receiver Operating Characteristic Curve (AUC), as shown in Table 1. This consistent protocol enabled a fair comparison 
while avoiding the mixing of metrics computed from different evaluation levels.

The proposed DNABERT + LightGBM + SHAP framework attained strong classification performance, accurately 
identifying 335 out of 350 Listeria genomes and 330 out of 350 non-Listeria genomes. The corrected confusion-matrix 
calculation gives 665/700 correct classifications, resulting in an accuracy of 95.00%, precision of 94.37%, recall of 95.71%, 
and F1-score of 95.03%. To evaluate statistical reliability, 95% confidence intervals were computed using bootstrap 
resampling, yielding accuracy (95.00%, 95% CI: 93.29%–96.57%), precision (94.37%, 95% CI: 91.81%–96.63%), recall 
(95.71%, 95% CI: 93.47%–97.72%), and F1-score (95.03%, 95% CI: 93.28%–96.63%). Furthermore, McNemar’s test 
conducted on paired predictions demonstrated a significant gain in performance (p < 0.05) over the strongest baseline, 
showing that the observed performance gains are not due to random variation but reflect a measurable improvement in 
classification capability.

The table shows the proposed model overtook all standard methods across all measures. The precision and recall measure 
of the proposed model was considerably improved compared to traditional models. The improvement in AUC proposes a 
higher ability to distinguish between Listeria and non-Listeria genomes across various comparison thresholds. The key factor 
promoting this performance is the use of DNABERT embeddings, which gain abundant appropriate information from DNA 
sequences using transformer attention mechanisms. LightGBM was found effective at managing the inadequate and high- 
dimensional nature of genome embeddings. The gradient boosting structure allowed the model to study difficult feature 
interactions without overfitting.

Figure 4. Roc curve

Table 1. Comparative Performance of the Proposed System With Other Methods

Model Accuracy (%) Precision (%) Recall (%) F1 score (%) AUC

K-mer Frequency + Random Forest 89.86 90.21 89.14 89.67 0.912
TF-IDF + SVM 90.57 91.09 89.71 90.39 0.918
One-Hot + CNN 92.14 93.02 91.14 92.07 0.945
K-mer Counts + XGBoost 92.71 93.20 92.00 92.59 0.950
DNABERT + Logistic Regression 93.57 93.98 92.86 93.41 0.960
Proposed (DNABERT + LightGBM + SHAP) 95.00 94.37 95.71 95.03 0.998
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The combination of SHAP further distinguishes the proposed framework. The proposed system provides feature credit 
scores for each prediction, guaranteeing transparency in genome classification coparisons. This feature is important in critical 
applications such as pathogen detection and outbreak monitoring. The proposed DNABERT + LightGBM + SHAP pipeline 
not only overtakes conventional models in predictive accuracy, making it a potent and real-world tool for microbial 
genomics. This study is limited to binary classification on complete genome assemblies; future work will focus on 
encompassing the framework to draft genomes, metagenomic datasets, and strain-level discrimination to improve scalability 
and real-world applicability.

The AUC was computed from the continuous class probabilities produced by the LightGBM model, whereas accuracy, 
precision, recall, and F1-score were computed after converting probabilities into binary class labels using the predefined 
decision threshold. Because AUC evaluates ranking quality across all possible thresholds, it can remain very high even when 
a limited number of samples near the operating threshold are misclassified. The revised manuscript now reports all threshold- 
dependent metrics from the same corrected confusion matrix: 335 true positives, 330 true negatives, 20 false positives, and 
15 false negatives. This clarification explains why the model can achieve an excellent AUC of 0.9976 while its threshold- 
based accuracy is 95.00%.

5.1. Robustness Analysis

Beyond the primary genome-level evaluation, the repeated stratified cross-validation analysis confirmed that performance 
was stable across resampled partitions. Across the five-fold cross-validation runs, the proposed DNABERT + LightGBM 
model achieved mean ± standard deviation values of 94.12% ± 0.83 for accuracy, 94.28% ± 0.79 for precision, 95.54% ± 
0.91 for recall, and 94.89% ± 0.85 for F1-score, with AUC remaining consistently high. Compared with the strongest 
baseline, the proposed model also showed a statistically significant improvement in paired predictions according to 
McNemar’s test (p = 0.028).

5.2. SHAP-Based Biological Interpretation

To improve biological interpretability, the highest-impact SHAP contributions were traced back from embedding di
mensions to the original genome windows with the greatest positive contribution toward the Listeria class. Inspection of these 
windows revealed recurrent 6-mer patterns, which were enriched in genomic regions. Although attribution remains indirect 
because SHAP is applied to embedding-derived features rather than raw nucleotides, this back-mapping step provides an 
initial biological explanation for model behavior and highlights candidate sequence signatures for downstream validation.

5.3. Computational Cost

All experiments were performed on personal workstation equipped with an Intel Core i7-class CPU, 32 GB RAM, and a 1 TB 
NVMe SSD. A CUDA-enabled NVIDIA RTX 4070-class GPU was used to accelerate DNABERT embedding, model 
training, and SHAP-based analysis. The average runtime for genome preprocessing was 25-35mins, DNABERT embedding 
generation was 4hrs for the full dataset, LightGBM training required typically 30-40 seconds, and SHAP analysis required 
10-15 mins. As expected, embedding generation was the dominant computational cost, whereas classifier training and 
explanation generation were comparatively lightweight once fixed-length embeddings had been produced.

6. Conclusions
In this work, we developed and evaluated an explainable machine learning framework for genome-scale identification of 
Listeria monocytogenes, addressing the need for rapid, accurate, and interpretable alternatives to conventional culture- and 
PCR-based assays. By combining DNABERT-derived sequence embeddings with a LightGBM classifier and SHAP-based 
attribution, the proposed pipeline reliably discriminated Listeria from non-Listeria genomes in a curated dataset of 
700 complete bacterial genomes. After final verification of the confusion matrix, the model correctly classified 335/ 
350 Listeria genomes and 330/350 non-Listeria genomes, corresponding to 665/700 correct classifications and a corrected 
accuracy of 95.00%. The same evaluation yielded precision of 94.37%, recall of 95.71%, F1-score of 95.03%, and AUC of 
0.9976. Comparative experiments demonstrated that this architecture consistently outperforms k-mer + Random Forest, TF– 
IDF + SVM, CNN, XGBoost, and DNABERT + Logistic Regression baselines across all metrics, highlighting the benefit of 
transformer-based genomic representations for pathogen detection. In addition, SHAP analysis provides transparent 
genome-level explanations of model decisions and reveals discriminative sequence patterns that may correspond to 
candidate genomic signatures of Listeria, thereby linking predictive performance with biological interpretability. Overall, 
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the proposed DNABERT + LightGBM + SHAP framework offers a robust, high-performance, and extensible tool for food 
safety and public health laboratories, with clear potential for extension to multi-class classification across multiple bacterial 
species and to metagenomic datasets used in routine surveillance and outbreak investigation.

7. Limitations
This study has several limitations. First, the framework was developed for binary classification and does not yet address finer- 
grained strain-level typing or multi-class discrimination among multiple foodborne pathogens. Second, the analysis was 
performed on genome assemblies rather than raw short reads or metagenomic mixtures; accordingly, performance on draft 
genomes, fragmented assemblies, or complex environmental samples remains to be established. Third, despite efforts to 
curate a biologically relevant negative class, residual phylogenetic bias may still affect apparent discriminability if some taxa 
are underrepresented or overly distant from Listeria. Fourth, the genome-length threshold used during preprocessing 
improves data quality but may introduce a mild selection bias that should be acknowledged. Fifth, the explainability analysis 
remains partly indirect because SHAP was applied to learned embedding features rather than directly to annotated genes or 
experimentally validated motifs. Finally, although repeated cross-validation strengthens robustness, external validation on 
an independent dataset collected under different sequencing and assembly conditions is still needed before routine 
deployment.
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Appendix
Abbreviations list

AUC area under the receiver operating characteristic curve
CNN convolutional neural network
DNABERT deoxyribonucleic acid bidirectional encoder representations from transformers
F1 score, harmonic mean of precision and recall
GBDT gradient boosted decision trees
LightGBM light gradient boosting machine
ML machine learning
NCBI National Center for Biotechnology Information
NGS next-generation sequencing
PCR - polymerase chain reaction
ROC receiver operating characteristic
SHAP SHapley Additive exPlanations
SVM support vector machine
TF-IDF term frequency–inverse document frequency
XAI explainable artificial intelligence.
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