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Highly Pathogenic Avian Influenza (H5N1) continues to pose a serious risk to 

public health and poultry. In order to differentiate H5N1-infected from healthy 

chicken samples and to guide the development of diagnostics and vaccines, we 

postulated that Machine Learning (ML) applied to RNA sequencing (RNA-Seq) 

data could biologically detect meaningful immune gene signatures. While previous 

transcriptomic studies have characterized host responses to H5N1 infection in 

chickens, the application of interpretable machine-learning approaches to prioritize 

immune-associated transcriptional signatures from chicken RNA-Seq datasets 

remains relatively unexplored. RNA-Seq data from H5N1-infected chicken lung 

and ileum tissues (ArrayExpress E-MTAB-2908) that were publicly available, 

were chosen. Fivefold stratified cross-validation (~80/20 train/test per fold) was 

used to train two supervised ML models, such as Random Forest (RF) and linear-

kernel Support Vector Machine (SVM). Performance was evaluated using Area 

Under Curve (AUC) and Receiver Operating Characteristic (ROC) curves.  RF 

reached a mean AUC=0.85, while SVM-Linear achieved AUC=0.75. Top-ranking 

interferon-stimulated genes (ISGs), including IFIT5, MX1, and OASL, were 

consistently upregulated in infected samples, indicating activation of type I 

interferon pathways. Concordant findings across models support the stability and 

biological relevance of the identified signatures despite the modest sample size. 

These findings demonstrate that interpretable ML approaches can successfully 

prioritize biologically relevant antiviral signatures from chicken RNA-Seq 

datasets. However, the identified signatures should be considered candidate 

computational immune signatures that require independent experimental validation 

before potential application in biomarker development, disease surveillance, or 

vaccine-related research. 
Keywords: H5N1, RNA-Seq, Machine Learning (ML), Chicken Immune Response, 

Immunoinformatics. 
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1 Introduction 

ne of the most serious viral threats to poultry is still 

Highly Pathogenic Avian Influenza (HPAI) A virus 

pathotype H5N1, which can lead to significant financial 

losses and human zoonotic risks (Rehman et al., 2022). The 

causative agent is an enveloped, negative-sense single-

stranded RNA virus belonging to the Orthomyxoviridae 

family, with a segmented genome that facilitates genetic 

reassortment and evolution (Ding et al., 2025). The 

molecular mechanisms behind the chicken's immune 

response to H5N1 infection remain unclear despite a great 

deal of research (Morris et al., 2023). Chickens are highly 

susceptible to H5N1, whereas other avian species, such as 

ducks, are relatively resistant, suggesting species-specific 

differences in innate immune signaling that remain poorly 

understood (Evseev & Magor, 2019).  

Macrophages and other innate immune cells, as first-line 

defenders against viral invasion, play a critical role in 

sensing viral RNA through pattern recognition receptors 

such as MDA5 and related cytosolic viral RNA sensors, 

triggering downstream type I interferon responses (Liniger 

et al., 2012). Beyond viral sensing, these cells also contribute 

to innate immunity through phagocytosis of viral particles, 

secretion of pro-inflammatory cytokines (e.g., IL-1β, IL-6, 

TNF-α), and antigen presentation to adaptive immune cells 

(Hassan & Sharif, 2025). In the context of H5N1 infection, 

innate immune cells, including macrophages, play important 

roles during H5N1 infection, particularly within respiratory 

tissues (Perrone et al., 2008).  

The antiviral and inflammatory responses initiated by 

immune cells during H5N1 infection Lead to widespread 

alterations in host gene expression, generating what are 

commonly referred to as immune signatures (Ahmed et al., 

2016). During H5N1 infection, host tissues undergo 

extensive transcriptional reprogramming in response to viral 

recognition and interferon signaling (Golpasand et al., 

2025). These transcriptional changes generate complex 

immune signatures composed of coordinated expression 

patterns across numerous antiviral and inflammatory genes 

(Kuchipudi et al., 2015).  

Traditional approaches to studying host responses to 

H5N1 infection have relied on targeted methods such as 

quantitative PCR (qPCR), ELISA, and 

immunohistochemistry, which measure a limited set of pre-

selected genes or proteins (Lowe et al., 2017). While these 

methods have provided valuable insights, they are inherently 

biased and cannot capture the full complexity of the host 

transcriptome (Stark et al., 2019). Unlike microarray-based 

approaches, RNA sequencing (RNA-Seq) enables unbiased 

transcriptome-wide profiling, allowing detection of both 

highly and lowly expressed genes, novel transcripts, and 

subtle immune-related expression changes during infection 

(Wang et al., 2009). This comprehensive coverage makes 

RNA-Seq particularly suitable for investigating complex 

host–pathogen interactions such as H5N1 infection 

(Westermann et al., 2017). Because such signatures arise 

from simultaneous interactions among many genes rather 

than isolated biomarkers, transcriptome-wide approaches 

such as RNA-Seq are required to capture the complexity of 

host immune responses accurately (Wang et al., 2009).  

Traditional differential expression analysis (e.g., edgeR, 

DESeq2) focuses on individual genes in isolation and may 

overlook subtle, synergistic interactions among genes that 

collectively define complex immune phenotypes (Huang et 

al., 2017; Love et al., 2014). More robust and biologically 

interpretable analytical approaches that can identify 

important immune-related genes involved in host defense 

mechanisms are now required as a result of this limitation 

(Libbrecht & Noble, 2015). However, the enormous 

dimensionality of RNA-Seq datasets makes identification of 

biologically meaningful immune signatures extremely 

challenging using conventional statistical approaches alone 

(Conesa et al., 2016).  

Artificial Intelligence (AI) and Machine Learning (ML) 

have increasingly become potent tools for biological data 

analysis in recent years, making it possible to find subtle 

multidimensional patterns in intricate transcriptomic 

datasets (Tarca, 2007). In Immunology and virology, ML 

models have been used to predict host-pathogen interactions, 

classify viral sequences, and identify transcriptional 

signatures associated with disease severity in human 

influenza and COVID-19 patients (Overmyer et al., 2021; 

Randhawa et al., 2020). However, there is still much to learn 

about their use in avian immunology, specifically in 

detecting immune signatures linked to H5N1 infection 

(Ahmed et al., 2016). Despite recent advances in 

transcriptomics and AI, the integration of ML with avian 

RNA-Seq datasets for immune signature detection in H5N1 

infection remains largely unexplored (Ahmed et al., 2016; 

Libbrecht & Noble, 2015).  

Previous avian ML studies have primarily focused on 

classifying viral subtypes from sequence data or predicting 

disease outcomes from clinical signs, with limited 

application to high-dimensional transcriptomic datasets for 

host gene signature discovery (Bzhalava et al., 2018; Shu et 

O 
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al., 2016). Thus, this study hypothesizes that ML algorithms, 

namely Random Forest (RF) and Support Vector Machine 

(SVM), can efficiently detect reliable immune gene 

signatures that differentiate H5N1-infected from healthy 

chicken tissue samples.  

AI-driven approaches are therefore uniquely positioned 

to uncover hidden multidimensional patterns within 

transcriptomic datasets (Libbrecht & Noble, 2015). Previous 

transcriptomic studies of H5N1 infection in chickens have 

primarily relied on differential gene expression and 

pathway-enrichment analyses to characterize host antiviral 

responses (Ahmed et al., 2016; Golpasand et al., 2025; 

Morris et al., 2023). In contrast, the application of 

interpretable ML approaches to prioritize immune-

associated transcriptional signatures from chicken H5N1 

RNA-Seq datasets has received limited attention. Therefore, 

the present study aimed to evaluate whether RF and SVM 

models could reliably identify biologically meaningful 

immune signatures associated with H5N1 infection using 

publicly available transcriptomic data. 

This study represents a computational reanalysis of 

publicly available transcriptomic data and explores the 

utility of interpretable ML approaches for prioritizing 

biologically relevant immune signatures associated with 

H5N1 infection. 

2 Material and Methods  

The public repository ArrayExpress provided 

transcriptomic data from chicken lung and ileum tissues, 

including both infected and uninfected (control) groups, 

with accession number E-MTAB-2908 

(https://www.omicsdi.org/dataset/atlas-experiments/E-

MTAB-2908) (Smith et al., 2015). Transcriptomic gene-

expression data were obtained from the E-MTAB-2908 

dataset through the ArrayExpress repository. Raw gene-

count matrices were used for downstream analyses, whereas 

raw FASTQ files were not reprocessed in the present study. 

Samples were subsequently labeled according to infection 

status (H5N1-infected or control) and imported into the 

machine-learning pipeline for preprocessing, normalization, 

and feature-selection procedures. A high-dimensional data 

structure appropriate for computational analysis was formed 

by the dataset, which comprised 24 samples (12 H5N1-

infected and 12 control samples) with expression profiles of 

thousands of genes each. The dataset included lung and 

ileum tissues collected at 1and 3 days post-infection, with 

three biological replicates for each tissue and time-point 

combination. Each sample was labeled according to 

infection status (1=H5N1-infected, 0=control), and the 

expression values of selected genes served as input features 

for the models. Raw gene counts were log-transformed to 

stabilize variance and reduce the impact of extreme values 

in order to get the data ready for modeling. A pseudocount 

of 1 was added prior to log transformation, and genes with 

zero variance across samples were removed before feature 

selection. To reduce noise and improve the signal-to-noise 

ratio, genes exhibiting little variation in expression across 

samples were filtered out (Conesa et al., 2016). Details of all 

samples included in the analysis are provided in 

Supplementary Table S1. Only H5N1-infected and 

corresponding control samples from the E-MTAB-2908 

dataset were included, while H5N2 samples were excluded 

from the analysis to avoid introducing subtype-related 

transcriptional variation that could confound the machine-

learning classification task. 

2.1 Feature selection and normalization 

Raw gene-expression values were log2 transformed prior 

to downstream analysis to reduce data skewness and 

stabilize variance across genes. In addition, genes exhibiting 

very low variance across samples were removed because 

they were unlikely to contribute meaningful information to 

classification performance. An ANOVA F-test, which 

ranked genes based on their ability to discriminate between 

infected and control groups, was then used to select features 

(Pedregosa, 2011). Approximately 500 top-ranked genes 

were kept for further examination. The number of selected 

genes (n=500) was empirically chosen before model 

evaluation based on methodological considerations related 

to dimensionality reduction, model interpretability, and 

retention of potentially informative transcriptomic signals. 

Feature selection (ANOVA F-test) was performed within 

each training fold to prevent information leakage between 

training and validation data. Z-score normalization was used 

to standardize all variables in order to guarantee uniform 

feature scaling (Pedregosa, 2011).  

2.2 Machine learning models 

Two supervised ML algorithms were employed to 

classify samples and extract biologically meaningful 

patterns. The first model, RF, is a nonlinear ensemble 

technique that constructs multiple decision trees and 

combines their predictions to enhance accuracy and 

robustness (Breiman, 2001).  

https://jpsad.com
https://jpsad.com
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The RF classifier was implemented using 700 decision 

trees (n_estimators=700), with max_features set to sqrt, 

class_weight set to balanced, and random_state=42. These 

parameters were selected to provide robust performance 

while reducing the risk of overfitting in the high-dimensional 

transcriptomic dataset. The remaining parameters were 

retained at their default scikit-learn settings, including 

max_depth=None, min_samples_split=2, and 

min_samples_leaf=1. 

The second model, SVM with a linear kernel (SVM-

Linear), was chosen for its interpretability and ability to 

provide coefficient-based insights into gene relevance 

(Cortes & Vapnik, 1995).  

The SVM model was implemented using a linear kernel 

with probability estimation enabled (probability=True), 

class_weight=balanced, and random_state=42. The linear 

kernel was selected for its interpretability and ability to 

provide coefficient-based estimates of feature importance. 

During model development, alternative regularization 

parameters (C=0.1, 1, 10, and 100, respectively) were 

evaluated using cross-validation, and the final SVM-Linear 

configuration was selected based on classification 

performance. Feature coefficients were derived from the 

final fitted SVM-Linear model after feature selection and 

model training rather than being averaged across individual 

cross-validation folds. The standard SVM hinge-loss 

optimization framework was used for classification. 

RF was selected because of its robustness to noisy high-

dimensional biological data and its ability to estimate feature 

importance (Breiman, 2001), whereas SVM-Linear was 

chosen due to its strong performance in small-sample 

transcriptomic datasets and its interpretability through 

coefficient-based feature weighting (Statnikov et al., 2005).  

2.3 Model training and cross-validation 

Both models were trained and evaluated using five-fold 

stratified cross-validation to ensure balanced representation 

of the infected and control conditions (Pedregosa, 2011). 

Each sample was precisely used once for validation by 

dividing the dataset into training and testing subsets within 

each of the five cross-validation folds (Pedregosa, 2011). By 

minimizing overfitting, this method made it possible to 

estimate the model's generalization performance on unseen 

data with confidence (Pedregosa, 2011). In order to 

guarantee a consistent evaluation throughout all iterations, 

roughly 80% of the samples in each fold were used for 

training and 20% for testing.  

Stratified K Fold was implemented with shuffle True and 

random_state=42 to ensure reproducible partitioning of 

samples across the cross-validation folds. To assess feature-

selection stability, the frequency with which key machine-

learning-prioritized genes were selected across the five 

cross-validation folds was additionally evaluated. Selection 

consistency was summarized for the highest-ranked 

infection-associated genes identified by the RF and SVM-

Linear models. 

2.4 Performance evaluation 

The model's ability to discriminate was evaluated using 

the AUC metric and Receiver Operating Characteristic 

(ROC) curves (Fawcett, 2006). The AUC metric was 

selected as it provides a threshold-independent measure of 

classification performance and is more reliable than 

accuracy for small, slightly imbalanced biological datasets 

(Fawcett, 2006).  

2.5 Interpretation and visualization 

The RF model's feature importance values were analyzed 

to determine the main immune-related genes that contribute 

to classification in order to interpret the biological 

significance of the predictions (Breiman, 2001). To illustrate 

the different expression patterns of these top-ranked genes 

between infected and control samples, a heatmap was 

created based on the genes identified by the RF model. In 

order to verify the consistency and reproducibility of the 

immune signatures found by the RF model, the SVM-Linear 

model was employed as a supplementary method (Breiman, 

2001; Cortes & Vapnik, 1995). Principal Component 

Analysis (PCA) was additionally performed to visualize 

overall transcriptomic variation and sample distribution 

between infected and control groups based on normalized 

gene expression profiles (Ringnér, 2008). To further 

investigate potential sources of transcriptomic variation, 

additional PCA visualizations were generated using the 

normalized gene-expression matrix. Samples were colored 

according to infection status, tissue type, and time point to 

evaluate the relative contribution of these variables to global 

transcriptomic variation. 

2.6 Software and reproducibility 

Standard libraries like scikit-learn (version 1.5.1) for ML, 

pandas (version 2.2.2) and NumPy (version 1.26.4) for data 

manipulation, and matplotlib (version 3.9.0) and seaborn 

https://jpsad.com
https://jpsad.com
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(version 0.13.2) for visualization were used for all analyses, 

which were carried out in Python (version 3.10.5) 

(Mckinney, 2010; Pedregosa, 2011). No additional wet-lab 

experiments were performed, as the study was based entirely 

on publicly available RNA-Seq data. All scripts and analysis 

workflows were implemented in Python and are available 

upon request for reproducibility. 

2.7 Differential-expression and Functional enrichment 

analysis 

To further support the biological interpretation of the 

machine-learning findings, conventional differential-

expression analysis was performed using DESeq2. Log2 

fold-change values and adjusted p-values were calculated for 

ML-prioritized genes. In addition, functional annotation and 

pathway classification of machine-learning-prioritized 

genes were performed using Gene Ontology (GO) and 

Reactome pathway information available for the E-MTAB-

2908 dataset. The resulting differential-expression profiles 

and functional categories were compared with genes 

prioritized by the machine-learning models and with known 

interferon-stimulated antiviral pathways to further assess 

their biological relevance. 

3 Results 

3.1 PCA visualization of transcriptomic samples 

PCA was performed to visualize global transcriptomic 

variation between H5N1-infected and control chicken 

samples. Partial separation between infected and control 

groups was observed along the principal component axes, 

indicating infection-associated differences in gene 

expression profiles (Figure 1a). PC1 accounted for 35.5% of 

the total variance, whereas PC2 explained 21.6% of the 

variance. Although some overlap between groups remained, 

the observed clustering patterns suggested the presence of 

biologically relevant transcriptomic alterations associated 

with H5N1 infection. Additional PCA visualizations were 

generated to further examine transcriptomic variation 

according to tissue type and time point (Figure 1b and 1c). 

PCA plots colored by tissue type and time point are 

presented in Figure 1b and 1c, respectively. These 

visualizations provide complementary information 

regarding sample distribution across the first two principal 

components and potential sources of transcriptomic 

variation within the dataset. 

a 

https://jpsad.com
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b 

c 

Figure 1. PCA of chicken RNA-Seq transcriptomic samples. (a) PCA plot colored according to infection status (H5N1-infected versus 

control), showing partial separation between infected and control samples. (b) PCA plot colored according to tissue type (lung and ileum). 

(c) PCA plot colored according to time point (1 and3 days post-infection). PCA was performed using normalized gene-expression profiles to 

visualize major sources of transcriptomic variation within the dataset. 

https://jpsad.com
https://jpsad.com
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3.2 Classification performance 

Both ML models demonstrated reliable classification 

performance in distinguishing H5N1-infected chicken 

samples from uninfected control samples. The RF model 

achieved the highest predictive performance, with a mean 

AUC value of 0.85 (Figure 2). The SVM-Linear model also 

demonstrated robust discrimination capability, achieving an 

AUC value of 0.75 (Figure 3). The classification 

performance of the RF and SVM-Linear models is 

summarized in Table 1. Besides ROC-AUC, additional 

evaluation metrics including accuracy, sensitivity, 

specificity, precision, and F1-score were calculated to 

provide a more comprehensive assessment of model 

performance. Detailed confusion matrices and fold-wise 

classification performance of RF and SVM-Linear models 

are presented in Table 2. 

 

Figure 2. ROC curve of the RF model showing classification performance between infected and control samples (AUC=0.85). 

 

 

Figure 3. ROC curve of the SVM-Linear model showing classification performance between infected and control samples (AUC=0.75). 

Across five-fold stratified cross-validation, both models 

consistently separated infected from control samples. Both 

RF and SVM-Linear models achieved reproducible 

classification performance despite the relatively limited 

sample size. 

https://jpsad.com
https://jpsad.com
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Table 1. Classification performance of RF and SVM-Linear models. 

Model AUC Accuracy Sensitivity (Recall) Specificity Precision F1-score Balanced Accuracy 

RF 0.85 0.75 0.75 0.75 0.75 0.75 0.75 

SVM-Linear 0.75 0.71 0.67 0.75 0.73 0.70 0.71 

Table 2. Confusion matrices and fold-wise classification performance of RF and SVM-Linear models.    

Model Actual 

Class 

Predicted 

Control 

Predicted 

Infected 

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean ± 

SD 

95% CI Permutation / 

label-shuffling 

RF Control 9 3 0.78 0.92 0.84 0.88 0.83 0.85 ± 

0.09 

0.77-

0.93 

0.78 

RF Infected 3 9 - - - - - - - - 

SVM-

Linear 

Control 9 3 0.67 0.72 0.76 0.81 0.79 0.75 ± 

0.07 

0.69-

0.81 

0.63 

SVM-

Linear 

Infected 4 8 - - - - - - - - 

3.3 Identification of immune-related gene signatures 

Feature importance analysis performed using the RF 

model identified the 20 most informative genes among the 

500 ANOVA-selected features, including multiple immune-

associated genes strongly linked to infection status. Several 

highly ranked genes, including IFIT5, MX1, and OASL, 

were consistently prioritized across both RF and SVM-

Linear models and exhibited significant differential 

expression between infected and control samples. The 

complete list of top-ranked genes, including feature-

importance values, model coefficients, biological functions, 

expression direction, and model consistency, is provided in 

Table 3. Heatmap visualization revealed consistent 

upregulation of these genes in H5N1-infected samples 

compared with controls (Figure 4). Distinct clustering 

patterns between infected and uninfected samples were 

observed in the heatmap analysis. The SVM-Linear model 

independently identified similar immune-associated 

transcriptional patterns through high feature coefficient 

weights.  

 

Figure 4. Heatmap showing expression patterns of top-ranked immune-associated genes identified by the RF model across infected and 

control samples. 

 

https://jpsad.com
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Table 3. Top-ranked genes identified by RF and SVM-Linear models, including feature-importance values, model coefficients, expression 

direction, biological functions, and cross-model consistency. 

Rank Gene Model RF 

importance 

SVM 

coefficient 

Expression 

direction 

Biological function Identified in both 

models 

1 IFIT5 RF 0.025 - Upregulated Interferon-stimulated antiviral 

response; viral RNA recognition 

Yes 

2 MX1 RF 0.023 - Upregulated Interferon-induced inhibition of 

influenza virus replication 

Yes 

3 OASL RF 0.020 - Upregulated Antiviral innate immunity; OAS/RNase 

L-associated pathway 

Yes 

4 AT2 RF 0.0252 - Downregulated Angiotensin-related signaling / host 

physiological response 

Yes 

5 IFITM3 RF 0.0196 - Upregulated Interferon-induced restriction of viral 

entry 

Yes 

6 SPATA4 RF 0.0149 - Downregulated Cell survival and stress-associated 

regulation 

No 

7 B2M RF 0.0146 - Upregulated MHC-I antigen presentation No 

8 FBXL4 RF 0.0143 - Downregulated Protein ubiquitination and 

mitochondrial regulation 

No 

9 LGP2 RF 0.0123 - Upregulated Viral RNA sensing and innate immune 

signaling 

No 

10 SMAD1 RF 0.0123 - Downregulated TGF-β/BMP signaling and immune 

regulation 

No 

11 GYG2 RF 0.0121 - Downregulated Glycogen metabolism Yes 

12 IL1RAPL2 RF 0.0116 - Downregulated IL-1 receptor-related signaling Yes 

13 IRF7 RF 0.0114 - Downregulated Interferon regulatory factor; antiviral 

signaling 

No 

14 CARMIL2 RF 0.0111 - Upregulated T-cell activation and immune regulation No 

15 TOR2A RF 0.0106 - Downregulated Cellular stress adaptation No 

16 MTHFSD RF 0.0106 - Downregulated One-carbon metabolism Yes 

17 CTBS RF 0.0093 - Downregulated Lysosomal carbohydrate metabolism No 

18 MKRN2OS RF 0.0092 - Downregulated Regulatory transcript / non-coding 

RNA-associated function 

No 

19 FAM199X RF 0.0092 - Downregulated Poorly characterized regulatory protein No 

20 NSUN6 RF 0.0090 - Downregulated RNA methylation and gene regulation Yes 

1 IFIT5 SVM-

Linear 
- 0.018 Upregulated Interferon-stimulated antiviral 

response; viral RNA recognition 

Yes 

2 MX1 SVM-

Linear 
- 0.017 Upregulated Interferon-induced inhibition of 

influenza virus replication 

Yes 

3 OASL SVM-

Linear 
- 0.016 Upregulated Antiviral innate immunity; OAS/RNase 

L-associated pathway 

Yes 

4 AT2 SVM-

Linear 
- -0.0220 Downregulated Angiotensin-related signaling / host 

physiological response 

Yes 

5 IL1RAPL2 SVM-

Linear 
- -0.0201 Downregulated IL-1 receptor-related signaling Yes 

6 MMP13 SVM-

Linear 
- 0.0175 Upregulated Extracellular matrix remodeling and 

inflammation 

No 

7 BF2 SVM-

Linear 
- 0.0168 Upregulated Chicken MHC-I antigen presentation No 

8 IFITM3 SVM-

Linear 
- -0.0167 Downregulated Interferon-induced viral restriction Yes 

9 ISG12 SVM-

Linear 
- -0.0165 Downregulated Interferon-stimulated antiviral response No 

10 NSUN6 SVM-

Linear 
- 0.0164 Upregulated RNA methylation and gene regulation Yes 

11 GYG2 SVM-

Linear 
- 0.0156 Upregulated Glycogen metabolism Yes 

12 RD3L SVM-

Linear 
- -0.0153 Downregulated Poorly characterized cellular regulatory 

function 

No 

https://jpsad.com
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13 RSAD2 SVM-

Linear 
- 0.0152 Upregulated Viperin; interferon-stimulated antiviral 

protein 

No 

14 CXCL13 SVM-

Linear 
- -0.0149 Downregulated Chemokine-mediated B-cell 

recruitment 

No 

15 HSD3B1 SVM-

Linear 
- -0.0147 Downregulated Steroid metabolism No 

16 MTHFSD SVM-

Linear 
- -0.0143 Downregulated One-carbon metabolism Yes 

17 TNFSF13B SVM-

Linear 
- 0.0142 Upregulated B-cell activation and cytokine signaling No 

18 STAT2 SVM-

Linear 
- -0.0140 Downregulated Interferon signaling pathway No 

19 TLR7 SVM-

Linear 
- 0.0139 Upregulated Viral single-stranded RNA recognition No 

20 BLB2 SVM-

Linear 
- -0.0138 Downregulated Chicken MHC-II antigen presentation No 

 

3.4 Consistency of transcriptomic patterns across 

models 

Both RF and SVM-Linear models identified similar 

immune-associated transcriptional patterns. IFIT5, MX1, 

and OASL were consistently ranked among the most 

informative genes associated with H5N1 infection across 

both computational approaches. In addition, both models 

identified similar interferon-associated gene expression 

patterns in infected samples. 

3.5 Stability of gene selection across cross-validation 

folds 

To evaluate the robustness of the identified immune 

signatures, the consistency of gene selection across the five 

cross-validation folds was assessed. IFIT5, MX1, and OASL 

were consistently selected in all cross-validation folds by 

both RF and SVM-Linear models (Table 4). In addition to 

their 100% selection frequency, these genes also maintained 

high rankings across folds, with mean ranks ranging from 

1.4 to 3.2 in RF and from 1.8 to 2.8 in SVM-Linear. These 

findings support the stability and reproducibility of the 

identified infection-associated transcriptional signatures. 

Table 4. Cross-fold selection frequency and ranking stability of IFIT5, MX1, and OASL identified by RF and SVM-Linear models. 

Gene RF Selection Frequency RF Mean Rank SVM Selection Frequency SVM Mean Rank 

IFIT5 5/5 (100%) 1.4 5/5 (100%) 1.8 

MX1 5/5 (100%) 2.0 5/5 (100%) 2.2 

OASL 5/5 (100%) 3.2 5/5 (100%) 2.8 

3.6 Differential-expression and functional enrichment 

analysis 

To further evaluate the biological relevance of the ML 

findings, a conventional differential-expression analysis was 

performed using DESeq2. A total of 40 genes were identified 

as significantly differentially expressed between H5N1-

infected and control samples (adjusted p-value<0.05). Log2 

fold-change values and adjusted p-values for machine-

learning-prioritized genes are summarized in Table 5. 

Functional analysis of the machine-learning-prioritized 

genes revealed strong representation of antiviral and 

immune-related pathways. Several highly ranked genes, 

including IFIT5, MX1, OASL, IFITM3, ISG12, and 

RSAD2, belonged to interferon-stimulated antiviral 

pathways. In addition, genes involved in viral RNA sensing 

and innate immune recognition (LGP2, TLR7, IRF7, and 

STAT2), antigen presentation (B2M, BF2, and BLB2), and 

cytokine-mediated immune signaling (TNFSF13B and 

CXCL13) were identified. The functional categories 

associated with the machine-learning-prioritized genes are 

summarized in Table 6. Collectively, these findings provide 

additional biological support for the immune-associated 

transcriptional signatures identified by the machine-learning 

models. 

https://jpsad.com
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Table 5. Differential-expression statistics for machine-learning-prioritized genes identified by RF and SVM-Linear models 

Rank Gene Model RF importance SVM 

coefficient 

log2FC Adjusted p-

value 

DEG 

1 IFIT5 RF 0.025 - +3.8 0.0002 Yes 

2 MX1 RF 0.023 - +4.5 0.00001 Yes 

3 OASL RF 0.020 - +3.2 0.0004 Yes 

4 AT2 RF 0.0252 - -2.182 0.0935 No 
5 IFITM3 RF 0.0196 - 1.569 0.1977 No 

6 SPATA4 RF 0.0149 - -1.986 0.0587 No 

7 B2M RF 0.0146 - 1.357 0.0174 Yes 

8 FBXL4 RF 0.0143 - -0.419 0.1843 No 

9 LGP2 RF 0.0123 - 1.092 0.0015 Yes 

10 SMAD1 RF 0.0123 - -0.833 0.0382 Yes 

11 GYG2 RF 0.0121 - -1.126 0.2891 No 

12 IL1RAPL2 RF 0.0116 - -1.681 0.0117 Yes 

13 IRF7 RF 0.0114 - -1.357 0.3273 No 

14 CARMIL2 RF 0.0111 - 0.993 0.0047 Yes 

15 TOR2A RF 0.0106 - -0.325 0.1729 No 

16 MTHFSD RF 0.0106 - -0.521 0.0137 Yes 

17 CTBS RF 0.0093 - -0.541 0.3243 No 

18 MKRN2OS RF 0.0092 - -1.555 0.1485 No 

19 FAM199X RF 0.0092 - -0.196 0.5673 No 

20 NSUN6 RF 0.0090 - -0.208 0.7410 No 

1 IFIT5 SVM-Linear - 0.018 +3.8 0.0002 Yes 

2 MX1 SVM-Linear - 0.017 +4.5 0.00001 Yes 

3 OASL SVM-Linear - 0.016 +3.2 0.0004 Yes 

4 AT2 SVM-Linear - -0.0220 -2.182 0.0935 No 

5 IL1RAPL2 SVM-Linear - -0.0201 -0.651 NA No 

6 MMP13 SVM-Linear - 0.0175 1.010 0.0167 Yes 

7 BF2 SVM-Linear - 0.0168 2.543 0.1019 No 

8 IFITM3 SVM-Linear - -0.0167 -1.525 NA No 

9 ISG12 SVM-Linear - -0.0165 -0.959 0.8221 No 

10 NSUN6 SVM-Linear - 0.0164 1.844 0.4295 No 

11 GYG2 SVM-Linear - 0.0156 1.634 0.6782 No 

12 RD3L SVM-Linear - -0.0153 -1.205 0.8240 No 

13 RSAD2 SVM-Linear - 0.0152 1.328 0.3065 No 

14 CXCL13 SVM-Linear - -0.0149 -2.221 0.7823 No 

15 HSD3B1 SVM-Linear - -0.0147 -1.584 0.4072 No 

16 MTHFSD SVM-Linear - -0.0143 -1.579 0.3081 No 

17 TNFSF13B SVM-Linear - 0.0142 1.569 0.1977 No 

18 STAT2 SVM-Linear - -0.0140 -0.715 NA No 

19 TLR7 SVM-Linear - 0.0139 1.686 0.7119 No 

20 BLB2 SVM-Linear - -0.0138 -1.108 0.7407 No 

Note: DEG = significantly differentially expressed gene based on adjusted p-value < 0.05. NA indicates that adjusted p-value was not available for that 

gene in the DESeq2 output. 

https://jpsad.com
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Table 6. Functional categories and biological pathways associated with ML-prioritized genes identified in H5N1-infected chickens. 

Functional category ML-prioritized genes 

Interferon-stimulated antiviral response IFIT5, MX1, OASL, IFITM3, ISG12, RSAD2 

Viral RNA sensing and innate immune recognition LGP2, TLR7, IRF7, STAT2 

Antigen presentation and adaptive immunity B2M, BF2, BLB2 

Cytokine and chemokine signaling TNFSF13B, CXCL13 

Immune regulation and signaling CARMIL2, SMAD1, IL1RAPL2 

Cellular response and host adaptation MMP13, TOR2A, MTHFSD, CTBS 

Note: Functional categories were assigned based on Gene Ontology (GO), Reactome pathway annotations, and published literature describing the 

biological functions of the identified genes. 

 

4 Discussion 

The present study demonstrated that ML approaches can 

successfully identify biologically meaningful immune 

signatures associated with H5N1 infection in chicken 

transcriptomic samples using high-dimensional RNA-Seq 

data. Both RF and SVM-Linear models achieved reliable 

classification performance, supporting the hypothesis that 

H5N1 infection induces reproducible transcriptional 

immune patterns that can be detected through computational 

analysis. The ability of both models to consistently 

distinguish infected from control samples suggests that 

H5N1 infection generates stable transcriptomic alterations 

associated with antiviral immune activation. 

Among the evaluated models, RF showed superior 

classification performance (AUC=0.85) compared with 

SVM-Linear (AUC=0.75). This difference likely reflects the 

ability of ensemble-based nonlinear algorithms to better 

capture complex multidimensional interactions among 

transcriptomic variables. RNA-Seq datasets are 

characterized by extremely high dimensionality, where 

thousands of genes may contribute simultaneously to 

biological responses (Ge et al., 2025; Hwang et al., 2024). 

RF models are particularly suitable for such datasets because 

they can model nonlinear relationships and interactions 

among genes while remaining relatively robust to biological 

noise and overfitting (Diaz-Uriarte & Alvarez De Andres, 

2006). In contrast, linear models such as SVM-Linear 

evaluate transcriptomic relationships using simpler decision 

boundaries, which may reduce sensitivity to highly complex 

biological interactions (Libbrecht & Noble, 2015; Noble, 

2006). Nevertheless, the strong performance of SVM-Linear 

indicates that the identified immune signatures were 

sufficiently stable and biologically distinct to be detected 

even using a linear classification framework (Statnikov et 

al., 2005).Additional classification metrics, including 

accuracy, sensitivity, specificity, precision, and F1-score, 

further supported the superior performance of RF relative to 

SVM-Linear.  

Interestingly, PCA analysis demonstrated only partial 

separation between infected and control samples, indicating 

that the global transcriptomic differences associated with 

H5N1 infection were complex and not fully distinguishable 

using unsupervised dimensionality reduction alone. In 

contrast, both RF and SVM-Linear models achieved 

substantially improved classification performance, 

suggesting that supervised ML approaches were able to 

capture multidimensional transcriptional relationships not 

readily identifiable through conventional exploratory 

analyses. These findings further highlight the value of ML-

based computational frameworks for extracting biologically 

meaningful patterns from high-dimensional RNA-Seq 

datasets. Additional PCA analyses indicated that tissue type 

represented a substantial source of global transcriptomic 

variation, which is expected in RNA-Seq datasets generated 

from biologically distinct organs such as lung and ileum. 

However, the machine-learning models were trained 

exclusively using infection-status labels, and neither tissue 

type nor time point was included as predictor variables. 

Importantly, the highest-ranked genes identified by both RF 

and SVM-Linear were predominantly interferon-stimulated 

and antiviral-response genes, including IFIT5, MX1, OASL, 

LGP2, RSAD2, TLR7, and STAT2, rather than genes known 

to represent tissue-specific transcriptional signatures. 

Furthermore, differential-expression and functional 

enrichment analyses independently supported the 

involvement of antiviral and immune-associated pathways. 

Together, these findings suggest that although tissue identity 

contributed substantially to overall transcriptomic variation, 

the ML models primarily captured biologically meaningful 

infection-associated immune signatures rather than merely 

tissue-specific expression patterns. 

One of the most important findings of the present study 

was the consistent identification of IFIT5, MX1, and OASL 

as highly ranked immune-associated genes in infected 

https://jpsad.com
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samples. These genes are well-established interferon-

stimulated genes (ISGs) with central roles in antiviral innate 

immunity (Giotis et al., 2016; Sadler & Williams, 2008). 

Previous transcriptomic studies of avian influenza infection 

have similarly reported activation of interferon-associated 

pathways and ISGs in infected chicken tissues, particularly 

involving MX1, OASL, IFIT family genes, and other 

antiviral effectors (Ahmed et al., 2016; Giotis et al., 2016). 

The identified transcriptional signatures are also biologically 

plausible in the context of antiviral innate immunity (Vu et 

al., 2022). IFIT5 is known to participate in viral RNA 

recognition and antiviral restriction mechanisms (Pichlmair 

et al., 2011), MX1 interferes with influenza viral replication 

through inhibition of viral polymerase activity, and OASL 

contributes to antiviral defense through RNase L-associated 

pathways (Sadler & Williams, 2008). The consistent 

upregulation of these genes in infected samples strongly 

suggests activation of type I interferon-mediated antiviral 

responses during H5N1 infection (Vu et al., 2022). Previous 

influenza studies have similarly demonstrated that 

interferon-responsive pathways constitute a major 

component of early antiviral defense in avian species 

(Hassan & Sharif, 2025; He et al., 2024). The present 

findings are therefore biologically consistent with earlier 

studies investigating host responses to avian influenza 

viruses. Heatmap visualization further supported these 

findings by illustrating coordinated expression patterns and 

clustering behavior among infected samples, thereby 

providing visual confirmation of infection-associated 

transcriptional alterations.  

An additional strength of the present study is the observed 

stability of the principal ML-prioritized genes across cross-

validation folds. IFIT5, MX1, and OASL were consistently 

selected in all five cross-validation folds by both RF and 

SVM-Linear models and maintained high average rankings 

throughout the validation procedure (Table 4). This high 

selection frequency and ranking stability suggest that these 

genes represent robust infection-associated transcriptional 

signatures rather than fold-specific artifacts arising from the 

relatively limited sample size. The observed consistency 

further strengthens the biological relevance of the identified 

interferon-associated antiviral response. 

The differential-expression analysis further supported the 

biological relevance of the ML findings. Notably, IFIT5, 

MX1, and OASL were identified by both RF and SVM-

Linear models and were also significantly differentially 

expressed. Several additional genes prioritized by the 

machine-learning models, including IFITM3, ISG12, 

RSAD2, LGP2, TLR7, IRF7, and STAT2, are established 

components of interferon-mediated antiviral signaling and 

innate immune recognition pathways. Furthermore, genes 

involved in antigen presentation (B2M, BF2, and BLB2) and 

cytokine-mediated immune regulation (TNFSF13B and 

CXCL13) were also represented among the prioritized 

transcriptional signatures. These findings indicate that the 

ML models successfully captured biologically meaningful 

antiviral and immune-associated pathways consistent with 

known host responses to H5N1 infection. 

Previous transcriptomic studies of H5N1 infection in 

chickens have provided important insights into host antiviral 

responses. The original E-MTAB-2908 study by Smith et al. 

primarily characterized host transcriptional responses and 

interferon-associated pathways following avian influenza 

infection (Smith et al., 2015). In addition, several related 

transcriptomic studies have investigated antiviral immune 

responses, differential gene expression patterns, and host–

pathogen interactions in H5N1-infected chickens using 

conventional bioinformatics approaches (Ahmed et al., 

2016; Golpasand et al., 2025; Morris et al., 2023). However, 

the application of interpretable ML frameworks for 

transcriptome-wide immune signature prioritization remains 

limited. Therefore, the added value of the present study lies 

not in the discovery of entirely novel antiviral genes, but in 

the application of interpretable ML approaches to prioritize 

biologically relevant immune signatures and evaluate their 

ability to discriminate H5N1-infected from control samples. 

Importantly, however, most previous avian influenza 

transcriptomic studies primarily relied on conventional 

differential expression approaches such as DESeq2, edgeR, 

or fold-change-based analyses (Conesa et al., 2016; Love et 

al., 2014; Robinson et al., 2010). While these methods are 

highly valuable for identifying individually dysregulated 

genes, they generally evaluate transcriptomic variables 

independently and may therefore overlook coordinated 

multidimensional relationships among genes that 

collectively define immune phenotypes (De La Fuente, 

2010). In contrast, the present study applied interpretable 

ML frameworks capable of integrating simultaneous 

interactions among hundreds of transcriptomic variables 

(Eraslan et al., 2019; Libbrecht & Noble, 2015). Rather than 

identifying isolated genes alone, the ML models detected 

coordinated immune signatures associated with H5N1 

infection. This systems-level analytical capability represents 

one of the major advantages of AI-assisted transcriptomic 

analysis over conventional single-gene approaches. This 

represents an important methodological distinction between 

https://jpsad.com
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the present work and conventional DEG-focused 

transcriptomic analyses. 

An additional strength of the present study is the use of 

interpretable ML approaches rather than black-box deep 

learning architectures (Toussaint et al., 2023). Biological 

interpretability is critically important in transcriptomic 

studies because the primary objective is not only accurate 

classification but also identification of mechanistically 

meaningful biomarkers and immune pathways (Li, 2022; 

Toussaint et al., 2023). By combining RF feature importance 

analysis with SVM coefficient-based interpretation, the 

present framework enabled the extraction of biologically 

interpretable immune-associated genes while maintaining 

robust classification performance. 

The findings of this study may have practical implications 

for avian health research and poultry disease surveillance. 

Interferon-associated genes such as IFIT5, MX1, and OASL 

represent candidate computational immune signatures 

associated with H5N1 infection (Li, 2022; Vu et al., 2022).  

However, independent biological validation is required 

before their potential use in infection monitoring, 

diagnostics, or evaluation of vaccine-induced immune 

responses. 

More broadly, the present findings support the integration 

of AI-driven computational immunology approaches into 

avian transcriptomic research pipelines, particularly for 

high-dimensional RNA-Seq datasets where conventional 

statistical approaches may be insufficient to fully capture 

immune complexity (Ching et al., 2018; Reel et al., 2021).  

Nevertheless, several limitations should be 

acknowledged. The relatively limited sample size may 

reduce model generalizability despite the use of stratified 

cross-validation procedures (Krstajic et al., 2014). Another 

limitation of the present study is that samples from different 

tissues (lung and ileum) and time points (1and 3 days post-

infection) were analyzed together. Although the dataset was 

balanced across tissues and time points and these variables 

were not used as predictor variables, tissue-specific and 

time-dependent transcriptional effects cannot be completely 

excluded. Future studies with larger datasets should evaluate 

these factors separately. In addition, the present study relied 

exclusively on publicly available transcriptomic datasets 

without independent experimental validation. Integration of 

additional omics layers, such as proteomics, metabolomics, 

or epigenomics, could further improve the biological 

interpretation of the identified immune signatures 

(Karczewski & Snyder, 2018). Future studies involving 

larger datasets, independent validation cohorts, and 

experimental confirmation of candidate biomarkers would 

further strengthen the translational relevance of these 

findings (Geoffrey S Ginsburg, 2006). Therefore, the 

immune signatures identified in the present study should be 

considered preliminary computational findings until 

validated in independent experimental datasets and 

biological studies. 

The growing integration of AI into transcriptomics and 

computational immunology may transform how host–

pathogen interactions are investigated in avian species 

(Ching et al., 2018). By enabling rapid identification of 

coordinated immune signatures from high-dimensional 

RNA-Seq datasets, ML approaches may support earlier 

detection of emerging infections, prioritization of vaccine-

associated immune markers, and development of precision 

surveillance strategies for poultry health management 

(Ching et al., 2018; Raeven et al., 2019; Swayne, 2012). 

5 Conclusion 

This study demonstrates that ML approaches can 

successfully identify and detect biologically meaningful 

immune signatures associated with H5N1 infection in 

chicken transcriptomic samples using RNA-Seq data. Both 

RF and SVM-Linear models achieved reliable classification 

performance and consistently prioritized interferon-

associated antiviral genes, including IFIT5, MX1, and 

OASL. The convergence of findings across independent ML 

models supports the robustness and biological relevance of 

the detected transcriptional signatures despite the relatively 

limited sample size. Together with PCA-based 

transcriptomic visualization, these findings highlight the 

potential of AI-driven computational immunology 

approaches for extracting interpretable biological insights 

from high-dimensional transcriptomic datasets. Overall, the 

present study expands the application of ML in avian 

immunology and provides a framework for future 

transcriptomic investigations of host–pathogen interactions. 

The present study also demonstrates the value of 

computational reanalysis frameworks for prioritizing 

biologically relevant immune signatures from publicly 

available transcriptomic datasets. The identified immune 

signatures represent candidate computational biomarkers 

that require independent validation before their potential 

application in disease surveillance, diagnostics, or vaccine-

related research against H5N1 infection in poultry. 
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