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ABSTRACT 
Introduction: Klebsiella pneumoniae infection is an important opportunistic pathogen 
associated with hospital-acquired infections and increasing antimicrobial resistance. 
Hyperglycaemic conditions, particularly in diabetic patients, may influence bacterial 
metabolism, virulence, and antibiotic resistance. This study aimed to investigate the 
transcriptomic response of Klebsiella pneumoniae under high-glucose conditions and identify 
metabolic, virulence-associated, and antimicrobial resistance (AMR) genes involved in 
bacterial adaptation. 
Methodology: Klebsiella pneumoniae cultures were grown in control and high-glucose 
conditions, and bacterial growth kinetics were monitored using spectrophotometry. Total RNA 
was extracted, and RNA sequencing was performed on the Illumina HiSeq platform. High-
quality reads were analysed by standard bioinformatics pipelines including FastQC, 
TrimGalore, Bowtie2, featureCounts and edgeR for differential gene expression (DEG) 
analysis. Differentially expressed genes were considered significantly differentially expressed 
if fold change ≥ 2 and adjusted p-value < 0.05. Functional annotation and pathway enrichment 
analyses were performed using KEGG, Gene Ontology (GO), STRING and ISMARA 
databases to identify biological pathways, virulence factors and AMR-associated genes. 
Results: Transcriptional analysis revealed extensive changes in gene expression under high-
glucose conditions, indicating significant metabolic reprogramming and adaptive responses of 
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K. pneumoniae. A total of 63 virulence-associated genes and 40 antimicrobial resistance 
(AMR) genes were identified. The gene yagZ/ecpA, encoding an adhesin-associated pilus 
structural protein, was the most up-regulated among virulence genes with a log fold change of 
13.003, whereas biofilm-associated genes csgF and csgG were down-regulated. Among the 
AMR genes, mphK associated with macrolide resistance was strongly up-regulated (log fold 
change 11.102), and mdtA was slightly down-regulated. Altered expression of β-lactamase 
genes and efflux pump-associated genes indicated enhanced antimicrobial resistance under 
glucose stress conditions. 
Conclusion: Overall, high glucose exposure induces significant transcriptomic changes in K. 
pneumoniae, enhancing virulence potential and antimicrobial resistance. These findings 
provide insight into bacterial adaptation in hyperglycaemic conditions and may inform the 
development of targeted therapeutic strategies. 
Keywords: Klebsiella pneumoniae; Transcriptomics; RNA sequencing (RNA-seq); 
Differential gene expression; High glucose stress. 
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Introduction 
Klebsiella pneumoniae can acquire 
resistance to multiple antibiotics, such as 
broad-spectrum cephalosporins and β-
lactams. It is an important pathogen in 
hospital settings, as it contributes to around 
11.8% of all cases of hospital-acquired 
pneumonia globally. Fortunately, we can 
study Klebsiella pneumoniae in a 
laboratory due to its genetic tractability [1]. 
Transcriptome sequencing (RNA 
sequencing) is a recently developed 
analysis that uses high-throughput 
sequencing approaches for the next 
generation. The transcriptome is the 
collection of all RNA transcribed by an 
individual or a population of cells at a 
certain biological state. Transcriptome 
analysis of mRNA sequence using Illumina 
HI sequence methods to generate a million 
threads [2].  
Transcriptomic analysis estimates the total 
number of mRNA transcripts to examine 
gene expression.  It offers an understanding 
of the biological mechanisms and pathways 
that become activated in specific 
conditions. Transcriptomic analyses can be 

verified by an alternative method, such as 
quantitative PCR (qPCR), which is easily 
identifiable and can be statistically 
evaluated.  Gene expression is compared to 
established benchmarks for both the gene 
being studied and the control genes [3]. 
The methods used to examine an organism's 
transcriptome—the totality of its RNA 
transcripts—are known as transcriptomics 
technology. An organism's information is 
encoded in its genome's DNA and 
expressed through transcription. In this 
case, mRNA acts as a temporary bridge 
molecule in the information network, while 
non-coding RNAs carry out a variety of 
other roles. A transcriptome is a temporal 
snapshot of all the transcripts that are 
present in a single cell. Transcriptomics 
technology provides a comprehensive 
picture of both active and inactive cellular 
processes. In molecular biology, 
comprehending how a single genome gives 
rise to a multitude of cells is a fundamental 
difficulty. The regulation of gene 
expression is another [4].  
Transcriptomics involves examining the 
transcriptome, which refers to all the RNA 
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present in a sample (such as a cell, tissue, or 
organ) at a specific moment. RNA plays 
various roles in the cell, and analysing the 
transcriptome offers a glimpse into gene 
activity and protein production within the 
organism [5]. 
In this study, we conducted a transcriptomic 
analysis of Klebsiella penumoniae grown 
under high glucose conditions (T2) to 
compare the changes in gene expression 
profiles with those grown under standard 
conditions (C2).  
Trans genomic analysis was conducted to 
find the virulence genes, genes responsible 
for resistance against antibiotics. RNA 
sequencing was used to measure transcript 
levels, followed by bioinformatics analyses 
to identify differentially expressed genes 
and enriched pathways. 
The study revealed a direct correlation 
between mRNA expression of these genes 
and the presence of antibiotic resistance; 
also corroborated by mutation analysis of 
the AmpC promoter region. 
Materials and Methods 
Bacterial Strains and Growth Conditions 
All bacterial strains used in this study are 
represented in Table 1. E. coli strains were 
cultured at 37 C in Luria-Bertani (LB) 
(Becton & Dickinson, Sparks, MD, USA) 
broth or on Luria-Bertani Agar (Becton & 
Dickinson, Sparks, MD, USA). Wild-type 
(WT) strain refers to BW25113. 
Growth Curves at High Glucose 
An overnight culture of K. pneumonia was 
normalised to 1.0 McFarland using a 
Densimat (bioMérieux, Marcy-l’Étoile, 
France) and further diluted 1:10 in fresh 
LB. This bacterial culture was grown in a 
volume of 1 mL in a 24-well plate 
(ThermoFisher, Waltham, MA, USA) and 
incubated at 37 _C with 5 mm orbital 
shaking in an Infinite 200PRO plate reader 
(Tecan, Männedorf, Switzerland). 

Absorbance was measured every 10 min at 
an optical density of 595 nm (OD595nm). 
At the early exponential phase (OD595nm 
= 0.2), H2O2 was added from a 35% w/w 
(Acros Organics, Geel, Belgium) solution 
freshly diluted at 11-fold concentration in 
LB and serially diluted 1:2 in LB. A volume 
of 100 _L was added to the 1 mL bacterial 
culture (total volume per well: 1100 _L) to 
reach final concentrations ranging from 80 
mM to 0.078 mM H2O2. 
The concentration of H2O2 stock was 
assessed before the experiments by using a 
WPA Biowave DNA spectrophotometer 
(Biochrom, Cambridge, UK) at 240 nm 
with a quartz cuvette with a molar 
extinction coefficient of 43.6. The 
Doubling Time Software v3.1.0 
(http://www.doublingtime.com, accessed 
on 18 February 2022) was used to calculate 
the growth rate after H2O2 addition. 
RNA Isolation, RNA-Seq 
2 mL of bacterial cultures (see conditions 
above) were harvested 10 and 60 min after 
H2O2 addition. RNA was extracted using 
the TRIzol® Max™ Bacterial RNA 
Isolation Kit (ThermoFisher, Waltham, 
MA, USA) according to the manufacturer’s 
instructions. After elution in RNA-free 
water, DNA digestion was performed in 
liquid by adding 2.5 L DNase I and 10 L 
Buffer RDD (Qiagen) in a total volume of 
100 L for 10 min at room temperature. 
Potential contaminants were removed by 
using the RNeasy mini kit plus (Qiagen, 
Germantown, MD, USA) according to the 
manufacturer’s instructions. Analysis of 
total RNA quality and quantity was 
performed using Nanodrop and Agilent 
2100 BioAnalyzer (Agilent Technologies, 
Santa Clara, CA, USA). 
For RNA sequencing, 1.2 _g of total RNA 
was ribo-depleted with the RiboMinus™ 
Bacteria 2.0 Transcriptome Isolation kit 
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(ThermoFisher Scientific, Waltham, MA, 
USA). The TruSeq total RNA stranded kit 
(Illumina, San Diego, CA, USA) was then 
used for the library preparation. Library 
quantity was measured by Qubit, and 
quality was assessed with a Tapestation on 
a DNA High sensitivity chip (Agilent 
Technologies, Santa Clara, CA, USA). 
Libraries were pooled at equimolarity for 
clustering. Single-read sequencing (100 
bases) was performed using the SBS 
chemistry on an Illumina HiSeq 4000 
sequencer. Raw data have been deposited at 
ENA (https://www.ebi.ac.uk/ena, accessed 
on 4 March 2022) under the following 
accession number: PRJEB51098. 
The RNA-seq data were analysed as 
follows. Fastq reads were mapped to the 
ENSEMBL reference genome 
(Ecolibw25113.48) using STAR (version 
2.4.0j) with standard settings, except that 
any reads mapping to more than one 
location in the genome (ambiguous reads) 
were discarded (m = 1). All reads were 
reported using feature Counts version 1.4.6-
p1. Levels of expression were reported as 
raw counts and, in parallel, normalised in 
RPKM to filter out genes with low 
expression values (<1 RPKM) before 
calling genes as differentially expressed. 
Library size normalisations and differential 
gene expression calculations were 
performed using the package edgeR 
designed for the R software. Only genes 
having a significant fold-change 
(Benjamini-Hochberg corrected p-value < 
0.01) were considered for the rest of the 
RNA-seq analysis. Genes under the 
regulation (regulon) of selected 
transcription factors were investigated in 
the Ecocyc database and used to generate 
heatmaps. Genes were categorised in 
different expression patterns depending on 
whether they were significantly up-

regulated, down-regulated, or unchanged at 
the 2 time points, leading to 8 different 
groups. STRING (Search Tool for the 
Retrieval of Interacting Genes/Proteins) 
web software was used to analyse physical 
or functional interactions in each of the 8 
groups of genes. 
GO term enrichment was performed using 
homemade scripts for the R software. Gene 
set enrichment analysis (GSEA) was 
performed, without a threshold of p-value 
or fold-change, using the KEGG metabolic 
pathways (KEGG 
http://www.genome.jp/kegg/, accessed on 
15 December 2021) relative to 
Ecolibw25113.48 to generate gene sets. 
Genes were ranked by their calculated fold-
changes (decreasing ranking). A gene set 
analysis using the GSEA package Version 
2.2 from the Broad Institute (MIT, 
Cambridge, MA, USA) was used to analyse 
the pattern of differential gene expression 
between the two groups. Gene set 
permutations were performed 1000 times 
for each analysis. The Normalised 
Enrichment Score (NES) was calculated for 
each gene set. GSEA results with a nominal 
FDR < 0.05 and abs (NES) > 1 were 
considered significant. ISMARA analysis 
was performed to retrieve transcription 
factors implicated in causing changes in 
gene expression. Raw fastq data were 
uploaded to the ISMARA web server 
(Swiss Institute of Bioinformatics, Basel, 
Switzerland). Four replicates were 
averaged for each condition. 
Softwares 
GraphPad Prism v.9.3.1 for Windows 
(GraphPad Software, San Diego, CA, USA) 
was used for data processing, graph plotting 
and statistical analysis. Inkscape v.1.1.1 for 
Windows was used for image editing 
(https://inkscape.org). 
Transcriptomic analysis  
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 FASTA – the FASTA format is text based 
format for representing either nucleotide 
sequences or amino acid (protein) 
sequences, in which nucleotides and amino 
acids are represented using single-letter 
codes. A sequence begins with a greater-
than character (">") followed by a 
description of the sequence (all in a single 
line). The lines immediately following the 
description line are the sequence 
representation, with one letter per amino 
acid or nucleic acid, and are typically no 
more than 80 characters in length. 
Example:  
>MCHU - Calmodulin - Human, rabbit, 
bovine, rat, and chicken  
MADQLTEEQIAEFKEAFSLFDKDGDG
TITTKELGTVMRSLGQNPTEAELQDM
INEVDADGN 
 GTID  
FPEFLTMMARKMKDTDSEEEIREAFR
VFDKDGNGYISAAELRHVMTNLGEK
LTDEEVDEMI 
 REA  
DIDGDGQVNYEEFVQMMTAK*  
FASTQ - FASTQ format is a text-based 
format for storing both a biological 
sequence  
(usually nucleotide sequence) and its 
corresponding quality scores.  
1. A FASTQ file has four line-separated 
fields per sequence:  
• Field 1 begins with a '@' character and is 
followed by a sequence identifier and  
an optional description (like a FASTA title 
line).  
• Field 2 is the raw sequence letters.  
• Field 3 begins with a '+' character and is 
optionally followed by the same sequence 
identifier  
(and any description) again.  
• Field 4 encodes the quality values for the 
sequence in Field 2, and must contain the 
same  

number of symbols as letters in the 
sequence. 

 
FastQC - FastQC aims to provide a simple 
way to do some quality control checks on 
raw sequence data coming from high 
throughput sequencing pipelines. It 
provides a modular set of analyses which 
you can use to give a quick impression of 
whether your data has any problems of 
which you should be aware before doing 
any further analysis.  
The main functions of FastQC are  
• Import of data from BAM, SAM or FastQ 
files (any variant)  
• Providing a quick overview to tell you in 
which areas there may be problems  
• Summary graphs and tables to quickly 
assess your data  
• Export of results to an HTML-based 
permanent report  
• Offline operation to allow automated 
generation of reports.  
Flowchart of FASTA QC using Galaxy 
Australia search for galaxy Australia 
in google open the software and register an 
account. 
↓ 
Upload the FASTQ data to be checked. 
↓ 
Search FastQC tool and run the test 
↓ 
Check the FastQC reports. 
↓ 
MultiQC is a tool to merge 2 or more 
FastQC data. Search for MultiQC 
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tool and select the FastQC reports and run 
the test. 
↓ 
TrimGalore is a tool used to trim unwanted 
data and adapters. 
Search for the TrimGalore tool, select the 
files and run the test. 
↓ 
The next step is alignment. Alignment is a 
way to compare related DNA or protein 
sequences. They can be used to capture 
various facts about the sequences aligned, 
such as common evolutionary descent or 
common structural function. Download a 
reference FASTA data from NCBI in gcf 
format. 
↓ 
Upload the downloaded data to Galaxy 
Australia. 
↓ 
Once turned green, go for Bowtie 2. 
↓ 
Select single or paired ends 
↓ 
Select the trimmed files. 
↓ 
Select the reference files. 
↓ 
The results are in SAM (Sequence 
Alignment Map) format to summarize the 
results, run the Sam tools and flagstat tool. 
*Note – since we used a reference data of a 
different bacterium, the mapping of the 
sequences was very low. If they were of the 
same species, the mapping percentage 
should be high. 
↓ 
Run the feature counts tool. Feature counts 
is a program that counts how many reads 
map to genomic features, such as genes, 
exons, promoters, and genomic bins. 
RNA SEQUENCE   
RNA-Seq, short for RNA sequencing, is a 
cutting-edge methodology that employs 

next-generation sequencing to uncover the 
abundance and existence of RNA molecules 
within a biological specimen. By doing so, 
it offers a comprehensive overview of gene 
expression in the sample, commonly 
referred to as the transcriptome. 

 

 
De novo sequencing  
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De novo sequencing refers to the process of 
assembling sequences from scratch, 
without the aid of a reference genome. This 
is particularly important in genomics when 
sequencing new species or organisms for 
which no reference genome exists.   
De Novo Sequencing offers numerous 
benefits:  
• Including the production of precise 
reference sequences for intricate or 
polyploid genomes. It also supplies 
valuable data for the mapping of genomes 
from unfamiliar organisms or the 
completion of genomes from recognised 
organisms.  
•  Additionally, it aids in the clarification of 
highly similar or repetitive regions to 
facilitate  
accurate de novo assembly. Furthermore, 
this sequencing method is capable of 
identifying structural variants and intricate 
rearrangements, such as deletions, 
inversions, or translocations.   
• Two common types of de novo assemblers 
are greedy algorithm assemblers and De 
Bruijn graph assemblers.  
De novo Assembly of reads - De novo 
assembly of high-quality reads was 
accomplished using Trinity software. 
Transcript sequences generated are 
provided in the data deliverables folder 
entitled “Primary assembly”. 

 
Transcripts were further processed for 
Unigene prediction using the CD-HIT 
package. Fasta sequences of these Unigenes 
predicted are provided in the data 
deliverables folder entitled "Unigene". 

Basic statistics for Unigene predicted is 
given in table below: 

 
Summary of transcripts, length distribution 
and unigenes were assembled 
 

 
DEG stats  
 Note: DEGs have been filtered using a 
minimum fold change threshold of 2 and an 
adjusted p-value threshold of 0.05.  
Samples:  C1, T1 Comparisons: 

 
PCA - The PCA (Principal Component 
Analysis) plot shows how the samples in 
the dataset are related to each other based 
on their gene expression patterns. Variation 
between the expression profiles of samples 
and their counterpart groups is explained by 
the first (x-axis) and second (y-axis) 
principal components. In the PCA plot, 
each data point represents a sample, and the 
position of the points in the plot is 
determined by the expression levels of 
genes. The first principal component 
represents the largest source of variability 
in the data, and the second component 
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represents the second-largest source of 
variability, and so on. The distance between 
two data points in a PCA plot reflects the 
dissimilarity between their gene expression 
profiles. When samples are diagonally 
opposite, it means that they are farthest 
away from each other in terms of gene 
expression, indicating a substantial 
difference between the two samples, and 
they are influenced by different sets of 
genes or expression patterns that are nearly 
orthogonal to each other. 

 
Volcano Plot:   
In the volcano plot, each gene is 
represented by a data point, and two key 
measurements are used to position these 
points on the graph:  
• Fold Change: The horizontal axis shows 
the fold change, which is the ratio of gene 
expression levels between the two groups. 
Genes that have a fold change greater than 
1 are upregulated, and those with a fold 
change less than 1 are downregulated. 
 • Statistical Significance (negative 
logarithm of adjusted p-value - 
log10(padj)): The vertical axis illustrates 
the statistical significance of the gene 
expression change, often portrayed as the 
negative logarithm of the adjusted p-value. 
The adjusted p-value accounts for multiple 
testing and helps control the false discovery 
rate.  
• Smaller adjusted p-values indicate more 
significant changes. Thus, genes with low 
adjusted p-values are considered 
statistically significant. 

• In the volcano plot, genes that exhibit 
significant upregulation in the experimental 
condition will appear on the right side of the 
plot, displaying high fold change values and 
low adjusted p-values. Conversely, genes 
significantly downregulated will appear on 
the left side, characterised by low fold 
change values and low adjusted p-values. 
The adjusted p-value, reflecting the 
probability of observing the observed gene 
expression difference given multiple 
testing, provides a more stringent measure 
of statistical significance in RNA-seq 
analyses. 

 
• In the volcano plot, genes that exhibit 
significant upregulation in the experimental 
condition will appear on the right side of the 
plot, displaying high fold change values and 
low adjusted p-values. Conversely, genes 
significantly downregulated will appear on 
the left side, characterised by low fold 
change values and low adjusted p-values. 
The adjusted p-value, reflecting the 
probability of observing the observed gene 
expression difference given multiple 
testing, provides a more stringent measure 
of statistical significance in RNA-seq 
analyses.  
The x-axis shows the fold change, which is 
a measure of how much a gene's expression 
level changes between two groups (e.g., 
disease vs. control).   
Values to the right indicate upregulation, 
while values to the left indicate 
downregulation. The y-axis represents the 
statistical significance of the adjusted p-
value.  
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Lower values (closer to the top) indicate 
higher significance, suggesting that the 
observed change in gene expression is less 
likely due to chance. In other words, as you 
move upwards on the y-axis, focusing on 
genes where the evidence for a real change 
in expression is stronger, even after 
accounting for the number of comparisons 
made during the analysis. Explanation of 
the colors of the dots: (Here C1 is the 
control group and T1 is the test condition in 
which up and down regulated genes have 
been identified.)   
Red data points: represent genes that are 
significantly upregulated in the 
experimental condition. These genes have 
both a substantial fold change and a low p-
value, indicating a strong association with 
the condition.   
• Blue data points: represent genes that are 
significantly downregulated in the 
experimental condition.  
Like the red dots, they also have a 
substantial fold change and a low p-value, 
suggesting a robust connection to the 
condition, but in the opposite direction.   
• Gray data points: represent genes that do 
not show significant differential expression 
between the two groups. These genes have 
fold change values closer to 1 and higher p-
values, indicating that their expression 
levels are relatively similar in both 
conditions. 
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Gene Hub Analysis 
Materials: 

• Gene List (e.g differentially 
expressed genes obtained from 
RNA-sequencing) (DEG) 

• String database (version 12.0) 
• Microsoft Excel 
• Cytoscape software (version 3.10.3) 
• cytoHubba (version 0.1) (install 

within Cytoscape) 
 
Methods: 

1. Prepare gene list - Obtained a list of 
genes of interest from RNA-
sequencing data. 

2. String database analysis - Open 
string database website (version 
12.0) 

• The gene list was uploaded to the 
String database, and Klebsiella 
pneumoniae was selected as the 
organism. 

• The database was then queried 
using the uploaded gene list to 
retrieve protein-protein interaction 
data. 

• Then downloaded the file as short 
tubular text output: 

• TSV: tab separated values - Can be 
opened in Excel and Cytoscape 
(lists only one way edges: A-B) 

3. Formatting in Microsoft Excel - The 
obtained gene list file from String 
database was formatted into a 2-
column table (node 1 and node 2) 
using Microsoft Excel and saved as 
a CSV file for further analysis. 

4. Cytoscape Analysis - Cytoscape 
software (version 3.10.3) was 
installed. Cytoscape visualization 
settings were configured as follows: 
network format set to BioPax_SIF, 
node shape set to ellipse, font size to 
20, node fill color customized 
according to each node attributes. 
And border width set to 5.0. 

5. cytoHubba Analysis - cytoHubba 
(version 0.1) was installed within 
Cytoscape. This software was 
utilized to identify gene hub nodes 
in a biological network. Node 
scores were calculated using the 
Maximal Clique Centrality (MCC) 
method, and the top 15 hub nodes 
were selected. The analysis was 
configured to display the first-stage 
nodes, shortest paths and expanded 
subnetwork. The network 
visualization was customized with 
node fill colors and arranged for 
clarity. 
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•  
• The network was then exported as a 

PNG image file named ‘gene hub 
network’. The export settings 
included a 500% zoom, 2925*1840 
pixels, and ‘show all graphics 
details’ option, ensuring a high-
quality image with detailed 
graphics. 

 
Results: 
Based on the results of transcriptome 
analysis, we found the virulence activity of 
the pathogenic K. pneumonia also the genes 
responsible for it. 63 genes were 
responsible for the virulence activity. On 
the basis of DEG analysis, we found the 
upregulated and downregulated genes. We 
identified significant upregulation and 
downregulation of genes, providing 
insights into metabolic adaptations, 
particularly in response to high glucose 
conditions. The top upregulated virulence 
gene was yagZ/ecpA, functioning as a 
Klebsiella common pilus structural subunit, 
exhibited a high (log fold value) of 13.003 
compared to the control sample with no 
glucose concentration. The lowest 
downregulated genes were csgF and csgG, 
functioning as curli production 
assembly/transport proteins, with the log 
fold value of -1.006. 
 
AMR – antimicrobial resistance 
The KEGG database is widely used as a 
reference for biological interpretation of 

genome sequences of high-output data 
through processes called pathway mapping 
(KEGG pathway maps).                          
Information eroded in genome genes is 
converted to high-level functional 
information general methodology applied 
to microbiology genomes to infer AMR.   
AMR methods   
Current methods of determining AMR 
↓ 
Phenotypic approaches 
↓ 
Pathogen antimicrobial combinations 
↓ 
Bacterial isolates from different species 
have contaminated AMR for multiple 
antibiotics [ex, carbapenem resistance] 
↓ 
Identification of the AMR gene 
↓ 
Identification of Virulence Factor Genes 
↓ 
The virulence characteristics of a virus 
dictate its capacity to infect or harm the 
tissues of its host 
↓ 
These are compounds that are often 
produced by bacteria or viruses and stored 
in their genomes, but they can also be 
ingested from the environment by means of 
genetic elements that are transmissible 
↓ 
The genes responsible for the virulence 
activity of the organism are called as 
virulence factor genes 
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AMR Genes are the genes, which confer 
antibiotic resistance, typically have 
minimal impact on the overall fitness of the 
host cell. For instance, a large number of 
these genes do not change the target site; 
instead, they actively kill the antibiotic. 
Additionally, certain resistance genes are 
actually made to express themselves by the 
antibiotic, which means that maintaining 
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the gene costs the organism even less. 
Based on the results of AMR analysis, we 
identified 40 genes that were responsible 
for the antimicrobial activity.  The gene 
which showed the highest upregulation was 
mphK with log fold value of 11.102. This 
gene was found to be resistant to the 
antibiotic macrolide. The gene that showed 
the lowest level of downregulation was 
mdtA, with the log fold value of -0.075. 
This gene was recognised as resistant to 
aminocoumarin 
The KEGG pathway map is the most 
intuitive database display results in analysis 
results of the transcriptome. In 
transcriptome analysis, 1000 or 10,000 
genes are involved. To classify genes and to 
analyse genes with the same function 
together. 
These are the KEGG results with 
annotation 
                

 
This gene classification can be achieved 
through gene annotation. Transcriptome 
analysis obtained by referencing 
information in the genome. For the 
unreferenced transcriptome, it is obtained 

by comparing with specific data bases 
KEGG database, expressed genes.   
KEGG analysis in biological research, gene 
function, biological pathways, molecular 
mechanisms, study of genes with functions, 
pathways, and databases. 
 
Pathway Analysis  
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Pathway assignment and mapping of the 
CDS to the biological pathways were 
performed using KEGG automatic 
annotation server (KAAS) 

 
 
                            Gene ontology molecular 
function annotation 

 
 
 
Gene ontology 
GO assignments were used to classify the 
functions of the transcripts. The GO 
mapping provides an ontology of defined 
terms representing gene product properties, 
which are grouped into three main domains: 
Biological Process, Molecular Function 
and Cellular Component. 

 
                                           Biological 
process 
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                                                      Cellular 
component 
 
 

 
                        Molecular function 

 
                   Gene ontology cellular 
component annotation    
High glucose levels are known to promote 
the virulence of certain bacteria, including 
K. pneumoniae. This study aimed to 
identify genes and pathways involved in 
this process. Under high glucose 
conditions, Klebsiella pneumoniae's 
transcriptome study revealed an intricate 
response that includes both virulence and 
antibiotic resistance. The formation of 
antibiotic-resistant phenotypes may be 
aided by high glucose environments, as 

seen by the upregulation of genes linked to 
antimicrobial resistance, such as beta-
lactamases and efflux pumps. This is 
concerning because it may decrease the 
number of treatments available for K. 
pneumoniae infections, especially for those 
who have diabetes or other disorders that 
are associated with elevated blood glucose 
levels. 
In a bioinformatics lab, data quality control 
(QC) for pathogenic. Klebsiella 
pneumoniae samples contain an array of 
steps that ensure the accuracy and 
reliability of the data generated via 
sequencing or other methods of analysis.  
Pathogenic Klebsiella pneumoniae 
Samples: C2, T2 
Biological QC:  Perform additional checks 
about the biology of Klebsiella pneumoniae 
or the objectives of the investigation. For 
instance, utilise specialised databases and 
tools (e.g., ResFinder, CARD) to validate 
the presence of known virulence factors or 
genes associated with antibiotic resistance. 
Comparisons - Comparison of C2 vs T2 
 

 
                    Number of differentially 
expressed genes  
Note: DEGs have been filtered using a 
minimum fold change threshold of 2 and an 
adjusted p-value threshold of 0.05.    
A low p-value (typically < 0.05) suggests 
that the observed change in expression is 
statistically significant and not due to 
random variation.  
A high p-value suggests that the observed 
change might be due to chance. Typically, 
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such a file includes several columns, among 
which logFC and p-value are key metrics. 
Here's a detailed explanation of these terms 
and how they are interpreted 
The organism column depicts the result 
based on blast result against bacterial 
database so our particular transcript 
matched with the gene present different 
bacterial species.          
 

 
                     Pictorial representation of C2 
vs T2 (Based on DEG)   
Fold change is calculated by dividing the 
expression level of a gene in one condition 
by its expression level in another condition.  
The logarithm (usually base 2, but 
sometimes base 10 or natural log) of this 
fold change is then taken.  
 For example, if a gene's expression is twice 
as high in the treated condition as in the 
control, the fold change is 2, and the log2 
fold change (logFC) would be log2(2) = 1.   
Positive logFC values indicate upregulation 
(higher expression in the treated condition).  
Negative logFC values indicate 
downregulation (lower expression in the 
treated condition). A logFC of 1 means the 
expression is doubled, -1 means the 
expression is halved.  
The p-value indicates the statistical 
significance of the observed changes in 
gene expression.  

Calculation: It is derived from a statistical 
test (e.g., t-test, Wald test, etc.) that 
compares the expression levels between the 
two conditions.  
 
Interpretation:  
A low p-value (typically < 0.05) suggests 
that the observed change in expression is 
statistically significant and not due to 
random variation. A high p-value suggests 
that the observed change might be due to 
chance. 
DEG results for the upregulated genes 
   

 
Gene Annotation  
   

         
          Upregulated genes and their protein 
names  
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                             Virulence factors  

 
 Virulence factors annotation 
    

 
The PRODUCT column describes the 
functional product of the gene identified. 
This could be a protein or enzyme that the 
gene encodes.  
The RESISTANCE column specifies the 
type of resistance conferred by the gene, 
often found when screening against 
databases related to antimicrobial 
resistance (AMR). 
 
Antimicrobial Resistance Genes  

   
The results of DEG analysis and AMR gene 
analysis helped us identify the genes 
responsible for virulence activity and the 
bacteria's resistance to various antibiotics.  
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The PRODUCT column describes the 
functional product of the gene identified. 
The RESISTANCE column indicates the 
antimicrobial resistance. 
The expression pattern of beta-lactam genes 
in resistant isolates was analysed in the test 
sample. The crucial step in the RT-PCR 
assay is the variance in the percentage of 
transcribed rRNA. The resistant isolates 
showed a difference in the level of 
expression of all beta-lactamase genes. 
Genes of ESBL classes were found to be 
highly resistant in isolates. The discovery of 
virulence factors, such as toxins, adhesins, 
and invasins, emphasises K. pneumoniae's 
capacity to cause serious illness in 
conditions with elevated glucose levels. 
The upregulation of these genes helps the 
bacteria invade and colonise host tissues 
more effectively, resulting in more serious 
and invasive infections.  
The downregulation of genes linked to 
breakdown processes, like the fatty acid 
degradation and tricarboxylic acid cycle, 
implies that K. pneumoniae might be 
changing its metabolic priorities in 

response to the high glucose environment. 
The bacteria may be able to maximise 
energy production and survival in 
conditions with a lot of glucose because of 
this metabolic reprogramming.  
The results of this investigation have 
significant implications for our 
comprehension of the transcriptome 
analysis of K. pneumoniae and the creation 
of efficient treatment plans.   
The discovery of antibiotic resistance genes 
and virulence factors highlights the 
necessity for innovative antimicrobial 
drugs and tailored therapies that can 
interfere with these systems. Furthermore, 
the metabolic reprogramming seen in this 
work might present chances for the creation 
of cutting-edge antibiotic treatments that 
specifically target the metabolic 
weaknesses of K. pneumoniae few isolates 
where rRNA expression is comparable to 
control strains. 
Discussion & Conclusion: 
The observed decline in the growth of 
Klebsiella pneumonia with increasing 
glucose concentrations is a phenomenon 
that can be attributed to metabolic control 
mechanisms and the toxic by-products of 
glucose metabolism [6,7]. Klebsiella, when 
exposed to high concentrations of glucose 
in minimal medium, experiences a 
metabolic imbalance that leads to the 
secretion of acetate [8,9]. This acetate 
accumulation is detrimental as it can inhibit 
growth and reduce the overall viability and 
productivity of the bacteria [10]. Acetate is 
a known inhibitor of cellular processes, and 
its accumulation is a result of overflow 
metabolism, where excess carbon flux 
through glycolysis exceeds the capacity of 
downstream pathways [11]. 
The role of transcriptome, proteome, and 
metabolism analysis using KEGG pathway 
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underscores the pivotal role in unravelling 
the complex biological processes [12].  
The KEGG analysis facilitates a deeper 
knowledge of high-throughput sequencing 
data, scientific discovery and innovation 
[13].  
Based on the KEGG pathway analysis 
results of the pathogenic K. pneumonia, we 
discovered the number of genes responsible 
for various metabolic features [14,15]. For 
example, 2768 genes were responsible for 
carbohydrate metabolism, and 1629 genes 
were responsible for amino acid 
metabolism. 
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