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Supplemental Methods 

2.14.2 Read Preprocessing and Alignment 

For preprocessing, alignment and differential gene expression analysis of the RNA-sequencing 

data, a previously developed bioinformatics workflow was adapted as described below [1,2]. 

Raw reads underwent quality control using FastQC (v0.11.9) and MultiQC (v1.13) [3] and 

preprocessing using Cutadapt (v4.1) [4], removing poly(A) tails and reads containing 

ambiguous nucleotides (N's), trimming bases with a Phred quality score below 30 from the 3' 

ends, and filtering out reads shorter than 19nt. High-quality reads were aligned to the mouse 

reference genome (GRCm39) with Ensembl annotations using HISAT2 (v2.2.1) with default 

alignment parameters [5]. Aligned reads were sorted, indexed and converted to binary format 

using SAMtools (v1.10) [5, 6]. Gene-level quantification was performed with featureCounts 

(v2.0.1) [7], specifying the appropriate gene annotation files. 

2.14.3 Differential Gene Expression Analysis 

Differential expression analysis was conducted using the DESeq2 package (v1.34.0) in the R 

environment (v4.1.0) [8]. Raw count data were imported, and sample metadata were 

incorporated to define experimental groups: A/J non-diabetic, A/J diabetic, TNC-KO non-

diabetic, and TNC-KO diabetic. Genes with low counts across all samples were filtered out 

using default DESeq2 settings to improve statistical power. The Benjamini-Hochberg method 

was applied to adjust p-values for multiple testing, controlling the false discovery rate (FDR) 

[9]. Genes with an adjusted p-value (q-value) less than 0.05 were considered significantly 

differentially expressed. Volcano plots were generated using decoupler (v1.8.0) to visualize the 

distribution of differentially expressed genes. 

2.14.4 Transcription Factor Activity Inference 



Transcription factor (TF) activities were inferred using the decoupler package (v1.8.0) in 

Python (v3.12). DESeq2 statistical results, specifically the Wald-test for gene expression 

changes, were used as input for the Univariate Linear Model (ULM) implemented in decoupler 

(1.8.0). The CollecTRI database was utilized via decoupler to obtain TF-target interaction 

networks specific to Mus musculus. TF activity scores and associated p-values were calculated 

for each contrast. TFs with significant activity changes were identified based on p-values 

adjusted for multiple testing. Bar plots were generated using the matplotlib library (v3.4.3) in 

Python (3.12) to visualize the top TFs with significant activity changes, focusing on those with 

the highest absolute activity scores. 

2.14.5 Pathway Activity Analysis 

Pathway activity inference was performed using the PROGENy framework (v1.16.0) to assess 

the activity of key signaling pathways based on gene expression data. The top 500 responsive 

genes for Mus musculus were obtained from the PROGENy database. The Multivariate Linear 

Model (MLM) method in decoupler was applied to calculate pathway activity scores and 

associated p-values for each contrast. Pathways with adjusted p-values less than 0.05 were 

considered to have significant activity changes. Bar plots were created using matplotlib in 

Python to display the activity scores of the significant pathways. 

2.14.6 Pattern Analysis and Gene Selection 

Pattern analysis was conducted to identify genes exhibiting specific expression patterns across 

different comparisons. Due to the stringent nature of q-value thresholds, which could exclude 

potentially relevant genes, specific p-value thresholds were applied instead. Genes with p-

values less than 0.05 were considered for further analysis, even if they did not meet the FDR-

adjusted q-value threshold. This approach ensured that genes showing significant expression 

changes were not overlooked due to multiple testing corrections. 



Comparisons focused on included: A/J diabetic versus A/J non-diabetic; TNC-KO diabetic 

versus A/J diabetic; TNC-KO non-diabetic versus A/J non-diabetic and TNC-KO diabetic 

versus A/J non-diabetic. By applying p-value filtering, we captured a broader set of genes 

exhibiting significant changes, allowing for a more comprehensive downstream analysis. 

2.14.7 Construction of Overlapping Protein-Protein Interaction Networks 

To investigate the interactions among genes identified through pattern analysis, a second 

protein-protein interaction (PPI) network was constructed using Cytoscape software (v3.10.1) 

and the STRING app (v2.0.2). Genes from the TNC-KO diabetic versus A/J diabetic 

comparison that met the specific p-value threshold (p-value < 0.05) were imported into 

Cytoscape. The STRING database (v12.0) provided PPI data with a confidence score cutoff of 

0.4, including medium-confidence interactions. 

This second PPI network allowed us to explore interactions among genes that might have been 

excluded when using q-value filtering. By doing so, we identified additional genes of interest 

that, while not passing the FDR threshold, may play significant roles in the biological processes 

under study. 

2.14.8 Overlap Analysis and Hub Gene Identification 

An overlap analysis was performed between the hub genes identified in the initial PPI network 

(based on q-value filtering) and the genes in the second PPI network (based on p-value 

filtering). This analysis aimed to identify common genes that might be critical in the underlying 

biological mechanisms. 

The CytoHubba plugin (v0.1) in Cytoscape was used again to identify hub genes within the 

second PPI network. The Maximal Clique Centrality (MCC) algorithm determined the top 10 

hub genes, which included genes such as Cpt1a, Slc27a1, Ccn2, and Corin. These hub genes, 



along with their immediate interacting partners, were visualized to highlight their potential 

significance. 

2.14.9 Enrichment and Overrepresentation Analysis 

Enrichment analysis was conducted on the genes from the second PPI network using Metascape 

3.5. This analysis included overrepresentation tests for KEGG pathways, WikiPathways, Gene 

Ontology Biological Processes, Molecular Function (GO BP, MF), and Reactome pathways. By 

integrating multiple databases, we aimed to identify enriched biological functions and pathways 

associated with the genes identified through p-value filtering. 

Enrichment terms with a p-value less than 0.05 and a minimum gene count of three were 

considered significant. This analysis provided insights into additional biological processes that 

may not have been detected using the more stringent q-value filtering. 

2.14.10 Visualization of Gene Expression and Pathways 

Normalized expression counts for selected genes (e.g., Cpt1a, Slc27a1, Ccn2, Corin) were 

plotted using the ggplot2 package (v3.3.5) in R to visualize expression differences across 

experimental groups. Additionally, the fold changes from the TNC-KO diabetic versus A/J 

diabetic comparison were mapped onto the p53 signaling pathway diagram from WikiPathways 

using the pathview package (v1.32.0) in R. This allowed for the illustration of the impact of 

TNC-KO on the p53 pathway. 
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