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Abstract 

Background Koala retrovirus (KoRV), a major pathogen of koalas, exists in both endogenous (KoRV-A) and exog-
enous forms (KoRV-A to I and K to M) and causes multiple disease phenotypes, including carcinomas and immu-
nosuppression. However, the direct association between the different KoRV subtypes and carcinogenesis remains 
unknown. Differentially expressed gene (DEG) analysis of peripheral blood mononuclear cells (PBMCs) of koalas carry-
ing both endogenous (KoRV-A) and exogenous (KoRV-A, B, and C) subtypes was performed using a high-throughput 
RNA-seq approach. PBMCs were obtained from three healthy koalas: one infected with endogenous (KoRV-A; Group 
I) and two infected with exogenous (KoRV-B and/or KoRV-C; Group II) subtypes. Additionally, spleen samples (n = 6) 
from six KoRV-infected deceased koalas (K1- K6) and blood samples (n = 1) from a live koala (K7) were collected 
and examined to validate the findings.

Results All koalas were positive for the endogenous KoRV-A subtype, and eight koalas were positive for KoRV-B 
and/or KoRV-C. Transcription of KoRV gag, pol, and env genes was detected in all koalas. Upregulation of cytokine 
and immunosuppressive genes was observed in koalas infected with KoRV-B or KoRV-B and -C subtypes, compared 
to koalas infected with only KoRV-A. We found 550 DEG signatures with significant (absolute p < 0.05, and absolute 
 log2 Fold Change (FC) > 1.5) dysregulation, out of which 77.6% and 22.4% DEGs were upregulated  (log2FC > 1.5) 
and downregulated  (log2FC <  − 1.5), and downregulated  (log2 FC <  − 1), respectively. We identified 17 unique 
hub genes (82.3% upregulated and 17.7% down-regulated), with KIF23, CCNB2, POLR3F, and RSL24D1 detected 
as the potential hub genes modified with KoRV infection. Real-time RT-qPCR was performed on seven koalas to ascer-
tain the expression levels of four potential hub genes, which were subsequently normalized to actin copies. Notably, 
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all seven koalas exhibited distinct expression signatures for the hub genes, especially, KIF23 and CCNB2 show the high-
est expression in healthy koala PBMC, and POLR3F shows the highest expression in koala with lymphoma (K1).

Conclusion Thus, it can be concluded that multiple KoRV subtypes affect disease progression in koalas and that the 
predicted hub genes could be promising prognostic biomarkers for pathogenesis.

Keywords Koala retrovirus, RNA-seq, PBMCs, Differentially expressed gene, Biomarkers

Background
The population of koalas (Phascolarctos cinereus), an 
iconic Australian marsupial species, is decreasing owing 
to habitat loss, anthropogenic challenges, and microbial 
infections. The Australian government declared the spe-
cies endangered by extinction under the Environment 
Protection and Biodiversity Conservation (EPBC) Act 
on February 12, 2022 (https:// rb. gy/ 4zygx). Neoplastic 
diseases in koalas, driven by the koala retrovirus (KoRV), 
pose a substantial threat to both koala health and con-
servation efforts [1–3]. Unlike most retroviruses, KoRV 
exists as both an endogenous and exogenous virus [4]. 
In 2000, researchers successfully sequenced the com-
plete genome of KoRV, revealing the presence of essen-
tial genes (gag, pol, and env) flanked by long terminal 
repeats (LTRs) at both the 5ʹ and 3ʹ ends [5, 6]. Based on 
phylogenetic analysis and receptor-binding differences 
in env, KoRVs are categorized into 12 subtypes: KoRV-
A [5], KoRV-B [1], KoRV-C [7, 8], KoRV-D [8], KoRV-E, 
KoRV-F [9], KoRV-G, KoRV-H, KoRV-I [10], KoRV-K, 
KoRV-L, and KoRV-M [4]. Recently, defective KoRV sub-
types of KoRV-D and -E with significant deletions in the 
gag and pol genes have been reported [11, 12]. KoRV-A, 
which exists in both endogenous and exogenous forms, 
is the most extensively characterized subtype, whereas 
pathogenic KoRV-B is the most widely documented 
exogenous subtype [13]. KoRV-B stands out as the most 
pathogenic subtype that likely plays a significant role in 
the occurrence of neoplasia/lymphoma and exacerba-
tion of chlamydial disease in koala populations [1, 14, 
15]. Furthermore, the roles of different KoRV subtypes 
and their co-infection in disease occurrence have not yet 
been confirmed.

Virus-borne neoplastic diseases pose significant 
health threats to various species, including koalas. To 
unravel the pivotal genetic elements in the progression 
of the host gene transformation by oncogenic viruses, 
next-generation sequencing (NGS)-based RNA-seq 
has been used extensively in life science research for 
comprehensive transcriptome analysis and to provide 
valuable genetic information [16–21]. Furthermore, 
RNA-seq facilitates the identification of unknown 
mRNA transcripts and spliced isoforms by enabling 
quantitative determination of expression levels in 

whole transcriptomes [22, 23]. Transcriptomic analyses 
of virus-infected cells are beneficial for identifying the 
host immune response dynamics and gene regulatory 
networks (GRNs). GRNs can provide valuable insights 
into significant gene ontology modules and can pin-
point key genes, often referred to as “hub genes,” which 
play a crucial role in the development of a specific 
tumor [24–26]. Moreover, comparative transcriptome 
analysis can effectively compare gene expression pat-
terns among different groups and provide insights into 
biological processes [10, 27].

In addition to habitat loss and vehicular injuries, 
KoRV is considered a major threat to koala health and 
conservation [13, 28]. Moreover, the cause of disease in 
KoRV subtype infections is yet to be established [29]. 
Therefore, extensive investigations are necessary to 
enhance our understanding of the mechanisms driving 
KoRV pathogenesis, particularly in koalas infected with 
multiple KoRV subtypes concurrently. In the study, 
RNA-seq was used to analyze the gene expression pro-
files of peripheral blood mononuclear cells (PBMCs) 
from healthy koalas. Three specimens in total were 
examined, including one from a koala infected with the 
endogenous KoRV-A subtype (Group I) and two from 
koalas infected with exogenous subtypes (KoRV-A, -B, 
and -C) (Group II). The objective of the present study 
was to obtain a comprehensive perspective on KoRV 
and its subtypes within the host, which could advance 
our understanding of host-virus interactions and KoRV 
pathogenesis using various bioinformatic tools.

Results
KoRV subtypes and health status of koalas
Specimens from ten koalas, including three healthy 
adults (RNA-seq study), six dead koalas, and one 
healthy adult (K7) were used. All ten koalas tested posi-
tive for endogenous KoRV-A subtype. Among these, 
eight koalas were positive for KoRV-B and/or KoRV-C, 
along with KoRV-A. Additionally, koalas KHB-02 and 
KHL-03 tested positive for KoRV-B and -C, respec-
tively, presented as Group II (Table  S1), and com-
pared with KHY-04 (only KoRV-A positive, presented 
as Group I). The hematological analysis results of the 
koalas used in the present study are listed in Table S2. 

https://rb.gy/4zygx
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None of the three healthy koalas exhibited any visible 
abnormalities (Table S1).

Transcriptome sequencing, assembly, gene annotation 
and expression
In total, 242,542,642 raw reads were generated from 
the three koala PBMCs using RNA-Seq. A total of 
227,382,728 clean reads (i.e., 6.25% filtered out) with a 
total data of 31,497,518,861 bp (approximately 31.5 GB) 
were retained after removing adaptors, cleaning up con-
taminants, and filtering out low-quality reads. The aver-
age Q30 and GC percentages were 93.96% and 60.34%, 
respectively (Table  S3). Based on the high-quality data, 
14,425,510 contigs with 708,983,496  bp of data were 
assembled. Finally, 417,284 unigenes were identified in 
the contigs using paired-end relationships. A summary of 
the unigene numbers and length distributions is provided 
in Table  S4. The expected numbers of fragments per 
kilobase of transcript per million mapped (FPKM) reads 
were determined using a density saturation curve (Fig. 
S1) and sequence homogeneity (Fig. S2) at the transcrip-
tome level. Subsequently, high-quality reads were aligned 
against the reference KoRV genome (NC_039228.1), 
which showed compatibility between the reference KoRV 
genome and transcriptome data obtained in the present 
study (Table  1). The distribution of reads in the refer-
ence genome was determined based on genomic features, 
including exons, introns, and intergenic regions (Fig. S3). 
Most of the sequences were in the exon regions, indicat-
ing that mature RNA was produced by each koala. We 
also calculated the read density on each chromosome as 
the  log2 value of the read count for 1 kb (Fig. S4).

To annotate the assembled unigenes, their sequences 
were aligned against publicly available nucleotide/pro-
tein databases. Out of the 76,549 annotated unigenes, 
74,413, 58,662, and 37,303 were annotated in the (NR, 
Swiss-Prot, and COG databases, respectively (Fig.  1A). 
After eliminating redundancies from the different data-
bases, 17,029 unigenes, including 16,109 in NR, 570 in 
Swiss-Prot, and 350 in COG, were annotated at least 
once (Fig. 1A). After functional annotation, the numbers 
of sequences from different species that matched koala 
unigenes were calculated from the annotation results. 
The top 10 enriched species based on NR functional 
annotation indicated high unigene variation between 
koalas of this study and reference genomes (Fig. 1B). Out 
of the 37,303 unigenes mapped to 26 COG categories, 
clusters were frequently mapped to signal transduction 
mechanisms, general function prediction, transcription, 
post-translational modifications, protein turnover, and 
chaperones. Using RSEM software, the read counts for 
each gene were obtained and FPKM analysis was con-
ducted accordingly. The number of genes with different 

expression levels is summarized in Table  S5. The gen-
eral distribution and dispersal of the expression of the 
genes are indicated in Fig. 2. The general distribution and 
FPKM density distribution of gene expression in different 
samples were similar for all koalas (Fig. S5). Gene diver-
sity analysis was performed using HT-seq (version 0.6.1) 
Expression of the gag, pol, and env sequences of KoRV 
was detected in each koala PBMC sample (Table 2).

Analysis of differentially expressed genes
To elucidate whether DEGs contribute to KoRV infec-
tions in koalas, three RNA-seq datasets [including one 
dataset (n = 1; KHY-04) from endogenous (KoRV-A) 
subtype (Group I) and two datasets (n = 2; KHB-02, 
and KHL-03) from exogenous (KoRV-B and -C) along 
with koRV-A subtypes (Group II)] of PBMCs from the 
three healthy koalas were analyzed. To perform RNA-
seq analysis, reference genome data were retrieved from 
NCBI belonging to a previously published BioProject 
under accession number PRJNA359763 (https:// www. 
ncbi. nlm. nih. gov/ biopr oject/ 384067). We particularly 
focused on the dysregulation (up- or down-regulation) of 
the identified DEGs during koala retroviral pathophysi-
ology and their overlap with the healthy state of koalas. 
After excluding duplicate genes, 550 DEGs were identi-
fied (absolute p < 0.05, and absolute  log2 FC > 1.5) (Fig. 2). 
Among the detected DEGs, 77.6% (427/550) DEGs were 
found to be upregulated  (log2 FC > 1.5), whereas 22.4% 
(123/550) DEGs were downregulated  (log2FC <  − 1.5). 
The upregulated and downregulated DEGs in Group I 
and Group II koalas are illustrated using volcano plots 
(Fig. 2).

Cluster analysis and selection of significant hub proteins 
from protein–protein interactions
Identified DEGs (n = 550) were initially submitted to 
the Search Tool for the Retrieval of Interacting Genes/
Proteins (STRING) database to create a protein-pro-
tein interaction (PPI) network. In  the PPI network 
(Fig.  3),  proteins or genes were designated as nodes, 
and the linkages among the nodes were designated as 
edges. We identified 96 nodes and 158 edges in the PPI 
network. The density and heterogeneity of the networks 
were 0.071 and 0.524, respectively (Fig.  3). PPI analysis 
further showed that the average number of neighbors, 
network diameter, network radius, characteristic path 
length, clustering coefficient, and network centralization 
were 3.045, 11.0, 6.0, 5.063, 0.395, and 0.072, respectively. 
To elucidate the functional, active, and protein-related 
functions of the detected DEGs, cluster analysis was per-
formed. Using the MCODE technique and the ClusterViz 
plugin in Cytoscape v3.10.1, four major clusters were 
identified within the PPI network. Cluster-1 contained 

https://www.ncbi.nlm.nih.gov/bioproject/384067
https://www.ncbi.nlm.nih.gov/bioproject/384067
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Fig. 1 Unigene annotations. A Venn diagram of various unigene annotation results based on different databases (Nr [Non-redundant protein], 
Swiss-Prot, and COG [Clusters of Orthologous Groups of proteins]). B Gene Ontology (GO) functional annotation. The x-axis indicates the number 
of genes, and the y-axis indicates the GO classification; color code has been used to distinguish the first-level GO classification. X; unidentified

Fig. 2 Volcano plots showing the differentially expressed genes (DEGs) associated with KoRV subtypes in three koala samples (Group I represents 
one sample KoRV-A as control and Group II represents two samples KoRV-B and C as cases). We identified 550 DEGs comprising 427 upregulated 
and 123 down-regulated DEGs based on p-value and log2 FC value. Peach and cyan color dots indicate the upregulated and down-regulated 
genes, respectively. The x-axis represents the  log2 fold change (logFC), and the y-axis represents –log10 (p-value) of each DEG
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14 nodes with 56 edges, whereas Cluster-2 contained 
six nodes with 25 edges (Fig.  4). Proteins with several 
connecting edges were identified as hubs. Five different 
algorithms (MCC: maximal clique centrality, MNC: max-
imum neighborhood component,  EPC: edge-percolated 
component, Closeness, and Degree) were applied (Fig. 5). 
As anticipated by the five methods, 17 unique hub 
nodes were recognized as potential hub proteins (KIF23, 
BUB1, CCNB2, POL3RF, NGDN, POLR3C, IPO4, ESF1, 
POLR1B, RSL24D1, MTREX, SUPT16H, BMP2, RBM8A, 
GNB5, TRMT6, and NUP155) (Figs.  5A–E). Only four 
hub proteins (KIF23, CCNB2, POLR3F, and RSL24D1) 
were shared among the five topological matrices 
(Fig. 5F). Among the shared hub proteins, KIF23 showed 
the highest score in the MNC, Degree, Closeness, and 

EPC methods, indicating the highest protein connectivity 
between PPI networks. However, RSL24D1 showed the 
highest scores in terms of EPC and Degree algorithms 
(Figs. 5A-E). Among the detected hub genes (n = 17), 14 
were upregulated, and three (BUB1, POLR3C, and IPO4) 
were downregulated (Fig. 6).

Functional and pathway enrichment analysis of unique 
hub genes
To gain a broader perspective on the DEGs, functional 
enrichment analysis of different gene ontology (GO) 
terms, such as biological process (BP), cellular compo-
nent (CC), and molecular function (MF), was performed 
using the Database for Annotation, Visualization, and 
Integrated Discovery (DAVID) online server (https:// 

Table 2 Gene diversity analysis of koala retrovirus (KoRV) in study koalas

Gene_ID Exonic gene size KHY-04 KHY-04_FPKM KHB-02 KHB-02_FPKM KHL-03 KHL-03_FPKM Gene name

Gene-D1Y44_gp1 1566 3984 142,540.41 5386 218,662.08 4761 203,115.3 gag

Gene-D1Y44_gp2 3384 4978 82,420.45 6888 129,408.16 5057 99,838.68 pol

Gene-D1Y44_gp3 1980 8886 251,449.95 3455 110,938.36 5150 173,771.39 env

Fig. 3 Protein–protein interaction (PPI) network of common DEGs in koalas infected with both endogenous and exogenous subtypes. The nodes 
represent the proteins, and the edges represent the interactions across the proteins. V-shaped and cyan color nodes indicate the most connected 
significant nodes in the PPI network

https://david.ncifcrf.gov/
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Fig. 4 Clustering analysis from protein–protein interaction (PPI) network using the ClusterViz plugin of Cytoscape. A Cluster 1 with 14 nodes and 56 
edges, B Cluster 2 with 6 nodes and 25 edges, C Cluster 3 with 5 nodes and 14 edges, and D Cluster 4 with 5 nodes and 10 edges

Fig. 5 Determination of hub genes from the protein–protein interaction (PPI) networks using the CytoHubba plugin in Cytoscape. Five algorithms 
of the Cytohubba plugin were applied to obtain the hub genes. Here (A) MCC (Maximal Clique Centrality), (B) MNC (Maximum Neighborhood 
Component), (C) Degree, (D) Closeness, and (E) EPC (Edge Percolated Component) algorithms. Red to yellow color gradients indicate the higher 
ranking of hub genes. F Venn diagram showing the common four hub proteins based on five metrics
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david. ncifc rf. gov/). Significantly enriched GO terms were 
identified if the enrichment yielded a high logarithmi-
cally adjusted p-value. The top enriched GOs terms for 
BP (n = 9), CC (n = 7), and MF (n = 11) are illustrated in 
Fig. 7. We further performed enrichment analysis of the 
different molecular pathways using the Kyoto Encyclo-
pedia of Genes and Genomes (KEGG) pathway data-
base incorporated within the DAVID database. The 
significance of the KEGG pathways was determined 
using p-values, and the highest count of DEGs was plot-
ted against 30 pathways (Fig. 8).

Expression patterns of koala hub mRNAs in tissues
To investigate the expression patterns of the hub genes, 
the mRNA expression of CCNB2, POLR3F, KIF23, and 
RSL24D1 was assessed in both spleen tissues (K1-K6) 
and blood (K7) of koalas (Tables S2 and S6). These tis-
sues tested positive for KoRV-A and/or KoRV-A, -B, 
and KoRV-C, as shown in Table S6. We observed diverse 
hub gene mRNA expression patterns across all koalas 
(Fig.  9). Specifically, for CCNB2, the highest expression 
was detected in koala K7, whereas the lowest expression 
was observed in koala K4. POLR3F mRNA exhibited the 
highest expression in koala K1 followed by K2, K5, and 
K6. It had the lowest expression in K3 followed by K4 and 
K7. In the case of KIF23 mRNA, koala K7 displayed the 

highest expression levels, while all the other deceased 
koalas showed low expression levels. When examin-
ing RSL24D1 mRNA expression, koala K5 exhibited the 
highest levels, followed by koala K4 and K2, whereas K3 
exhibited the lowest levels, followed by K1, K6, and K7. 
Thus, KIF23 and CCNB2 showed the highest expression 
in healthy koala PBMC, while POLR3F showed the high-
est expression in koala with lymphoma (koala K1).

Discussion
Rapid advancements in bioinformatics and the emer-
gence of high-throughput techniques such as microarray 
and NGS have enabled a comprehensive understand-
ing of the processes underlying carcinogenesis and the 
progression of various cancer types. High-throughput 
platforms have found widespread applications in early 
diagnosis, histological characterization, molecular classi-
fication, prognosis prediction, and analysis of drug resist-
ance in cancer [19, 30]. DEGs, microRNAs (miRNAs), 
long non-coding RNAs (lncRNAs), circular RNAs (cir-
cRNAs), and differentially methylated CpG sites have the 
potential to offer valuable insights into biomarkers asso-
ciated with retroviral cancer [30, 31].

Here, we provide insights into KoRV subtype-mediated 
dysregulation of several DEGs in the PBMCs of three 
healthy koalas in Japan. Among the 12 KoRV subtypes 

Fig. 6 Bar plot depicting the up- and down-regulated hub genes in koalas infected with both endogenous and exogenous KoRV subtypes. Bar 
plot representing 17 unique hub genes that were significantly (p < 0.05) dysregulated (including 14 upregulated; logFC > 1.5 and 3 downregulated; 
logFC <—1.5) based on absolute logFC values

https://david.ncifcrf.gov/
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identified to date [12], except for KoRV-A and KoRV-
B, none have been studied comprehensively. KoRV-B 
has been suggested to be the most pathogenic based on 
increased infectivity measured in-vitro and evidence sup-
porting its association with disease [1, 3, 15]. Therefore, 
to gain more insight into host responses based on KoRV 
subtype differences, transcriptome analysis was per-
formed using RNA-seq of koala PBMCs obtained from 
three healthy koalas originally from Queensland, Aus-
tralia, at a Japanese zoo.

The three koalas reared in a Japanese zoo had KoRV 
belonging to both endogenous (KoRV-A; Group I) and 
exogenous (KoRV-A, B, and C; Group II) subtypes. To 
the best of our knowledge, this is the first transcrip-
tome analysis of koala PBMCs obtained from individuals 

with both endogenous and exogenous KoRV subtypes 
to investigate gene expression profiles and analyze their 
interactions in the host based on subtype differences. 
KoRV is a retrovirus that integrates its genetic mate-
rial into the DNA of infected cells, leading to long-
term infection [14, 32]. Similar to other retroviral 
counterparts, KoRV is involved in the transformation of 
regulatory genetic elements of cells and can weaken the 
immune system of koalas, making them more susceptible 
to cancer and infectious diseases. Koalas infected with 
KoRV may experience symptoms such as increased sus-
ceptibility to infections, reproductive abnormalities, and 
lymphoma (a type of cancer) [14]. However, not all koalas 
infected with KoRV develop symptoms, and the severity 
of the disease can vary among individuals. We observed 

Fig. 7 Gene Ontology (GO) pathway enrichment analysis based on the –log10(p-value) values. The pathways have been formed by combining 
the DEGs that are common in the (A) gene ontology (GO) biological process (BP), (B) GO cellular component (CC), and (C) molecular function (MF). 
The circular shapes indicate the top 27 functional pathway terms found in the peripheral blood of koalas with KoRV exogenous and endogenous 
subtypes, while red to green color gradients indicate significantly higher to lower pathway scoring. The size of the circle demonstrates the count 
of hub genes. The most important GO pathways included (A) cell division, DNA repair, mitotic chromosome condensation, transcription using 
RNA polymerase III, cell cycle, protein catabolic process, DNA replication, cellular response to DNA damage, and microtubule-based movement 
for the BP, (B) nucleus, DNA-directed RNA polymerase III, proteasome activator complex, condensin complex, proteasome core complex, 
anaphase-promoting complex and cytoplasm for CC, and (C) DNA-directed 5´-3´ RNA polymerase activity, ATP binding, RNA/rRNA binding, 
NAD(P) + nucleosidase activity, cyclic ADP-ribose generating, ATP-dependent microtubule motor activity, RNA helicase activity, nucleic acid binding, 
threonine-type endopeptidase activity, phosphatidylinositol phospholipase C activity for MF
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that genes were differentially expressed in both groups 
(Group I vs. Group II), suggesting an association of KoRV 
subtype differences with DEG expression profiles and 
subsequent disease progression. Therefore, more genes 
were upregulated in koalas with exogenous KoRV sub-
types (Group II) than in koalas with endogenous KoRV 
subtypes (Group I). A similar pattern of gene expression 
dysregulation has been reported in human hepatocellular 
carcinoma (HCC) caused by an oncogenic retrovirus, the 
hepatitis B virus [19, 20, 30, 31].

Using these dysregulated koala genes, we performed a 
PPI network analysis. PPI network analysis is the most 
prominent part of the study, as hub gene detection, mod-
ule analysis, and drug identification depend on the PPI 
network [21, 24]. According to the PPI network analysis, 
four major clusters and 17 unique hub genes (of them, 
82.3% upregulated and 17.7% downregulated) were 
identified. Among the hub genes, only four hub nodes 
(CCNB2, POLR3F, KIF23, and RSL24D1) were predicted 

to be potential hub proteins using five distinct algorith-
mic methods (MCC, MNC, Closeness, Degree, and 
EPC). KIF23 contains genetic instructions for produc-
ing mitotic kinesin-like protein-1 (MKLP1), an extremely 
conserved protein essential for the assembly of the cen-
tral spindle and midbody during cytokinesis [20, 33]. 
CCNB2 plays a crucial role in regulating the cell cycle, 
particularly during the transition from the G2 phase to 
the M phase (mitosis). Its function involves the activation 
of cyclin-dependent kinase 1 (CDK1), which forms a cyc-
lin B2/CDK1 complex. High CCNB2 expression is associ-
ated with poor prognosis, indicating its potential role as 
a prognostic marker [34]. KIF23 and CCNB2 showed the 
highest expression in normal koala PBMC in this study, 
therefore, they might be linked with anti-oncogenic 
activity.

Changes in POLR3F levels have been observed in vari-
ous types of cancers. Anomalies in polymerase III activity 
can lead to the aberrant expression of non-coding RNAs, 

Fig. 8 Molecular pathway enrichment analysis of top 30 terms based on the –log10(p-value) values. The circular shapes indicate the pathway 
terms, while red to green color gradients indicate significantly higher to lower pathway scoring. The size of the circle demonstrates the count 
of hub genes. The most significant KEGG pathways were the apelin signaling pathway; glucagon and calcium signaling pathway; starch, sucrose, 
nicotinate, and nicotinamide metabolism; salivary and pancreatic secretion; insulin signaling pathway; GnRH and Oxytocin signaling pathways; 
long-term potentiation; phototransduction; FoxO and cGMP-PKG signaling pathways; insulin resistance; renin secretion; inflammatory mediator 
regulation of TRP channels; and chemokine signaling pathway
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affecting cellular processes such as protein synthesis and 
cell growth. Furthermore, mutations or dysregulation of 
Pol III components, such as POLR3F, can contribute to 
genomic instability, a hallmark of cancer [35]. Consistent 
with these observations, upregulation in koala lymphoma 
(K1) of POLR3F was observed. The specific function of 
RSL24D1 likely involves its role in ribosomal assembly. 
Ribosomal proteins are also involved in various cellular 
processes beyond protein synthesis, including cell cycle 
regulation, apoptosis, and cellular stress response [36]. 
Concerning RSL24D1, we have not found a significant 
link with the pathogenesis of 7 koalas in this study, so 
far. Hub proteins were identified as potential hub genes 
owing to their high interaction rates or degree values. 
Each of the detected hub proteins acts as a prognostic 
biomarker for various types of cancer, including breast 
cancer (e.g., KIF23 and BUB1) [37, 38] and esophageal, 
liver, breast, prostate, lung, ovarian, gastric, renal, and 
colorectal cancers (e.g., BUB1, SNRPB2, and KIF23) [21, 
38, 39]. Several studies have reported that KIF23 is signif-
icantly overexpressed in ovarian, stomach, hepatic, and 
lung cancer cells [20, 40–42]. A recent study on human 
hepatitis B-infected HCC revealed the overexpression of 
KIF14 and KIF23 mRNAs in the liver [20]. These poten-
tial hub proteins PPI network and gene enrichment 

analyses were related to distinct biological processes, cel-
lular components, and molecular functions.

Oncogenic retroviruses cause cancer in their hosts 
by transforming the genes involved in the regulation 
of cell division. The GO analysis revealed that most 
proteins encoded by the DEGs were involved in cell 
division, cellular response to DNA damage, DNA rep-
lication and repair, mitotic chromosome condensa-
tion, transcription using RNA polymerase III, protein 
catabolic processes, proteasome activator complexes, 
ATP binding and ATP-dependent microtubule motor 
activity, RNA/rRNA binding, RNA helicase activity, 
nucleic acid binding, NAD(P) + nucleosidase activity, 
threonine-type endopeptidase activity, and phosphati-
dylinositol phospholipase C activity. We hypothesized 
that the proteins drive undergo several physiological 
processes in cells to establish an oncogenic microen-
vironment. Some metabolites may provide signals to 
the nuclear pathway by controlling chromatin changes 
or transcription factor activity. Such signals are subse-
quently altered by metabolic disturbance in cancer to 
facilitate carcinogenesis and cancer progression [43]. 
Further enrichment analysis of different molecular 
pathways showed 30 KEGG pathways, of which the ape-
lin signaling pathway; glucagon and calcium signaling 
pathway; starch, sucrose, nicotinate, and nicotinamide 

Fig. 9 Expression profile of hub gene mRNAs in koala tissues. Expression patterns of CCNB2, POLR3F, KIF23, and RSL24D1 mRNAs in the spleen (e.g., 
K1-K6) and blood (K7) are shown. The transcript levels were normalized against koala actin mRNA. Data are presented as mean ± SD. All samples 
are statistically examined using One-way ANOVA, and Dunnets analysis (Graph Pad Prism ver. 9.5.1, software). P values less than 0.05 are significant 
and indicated when comparing with healthy control (K7). RSL2D only showed significant value after One-way ANOVA analysis (p = 0.0128)
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metabolism; salivary and pancreatic secretion; insulin 
signaling pathway; GnRH and Oxytocin signaling path-
ways; FoxO and cGMP-PKG signaling pathway; insu-
lin resistance; renin secretion; inflammatory mediator 
regulation of TRP channels; and chemokine signaling 
pathway were the most significant pathways.

Gene Ontology and KEGG pathway analyses have been 
used as tools for identifying prognostic markers of car-
cinogenesis [20, 31]. Gene expression levels vary accord-
ing to factors such as tissue type, age, and cancer type. To 
establish normal reference ranges and identify potential 
diagnostic and prognostic markers, it is prudent to con-
duct quantitative surveys on both affected and healthy 
individuals or animals. Such an approach facilitates a 
comprehensive assessment of gene expression patterns, 
aiding the delineation of normative parameters and iden-
tification of gene expression alterations associated with 
disease states [44–46]. Including a larger sample size in 
our study may help mitigate the observed expression 
heterogeneity, providing a more accurate representation 
of prognostic determinants and yielding a cancer gene 
expression pattern that better reflects the reality of a 
small captive koala population in Japan. Regarding map-
ping, while HISAT2 was chosen for its efficient memory 
usage and compatibility with our pipeline, we recognize 
that STAR is widely used for its speed and accuracy, 
especially with complex genomes. We will consider using 
STAR in future analyses to benefit from its established 
advantages. To the best of our knowledge, the present 
study represents the first attempt to investigate DEGs in 
KoRV-infected koalas, with the aim of identifying poten-
tial hub gene markers for carcinogenesis and validating 
mRNA expression patterns in other multitype KoRV-
infected koalas. Our findings suggest that the identified 
hub genes, such as KIF23, CCNB2, and POLR3F, could 
serve as potential biomarkers for monitoring KoRV 
infection and disease progression in koalas, facilitating 
earlier diagnosis and intervention strategies, for example, 
using in  situ hybridization using spleen tissue. By iden-
tifying individual koalas at higher risk for developing 
severe disease, these biomarkers could be integrated into 
targeted health management practices, such as selective 
breeding programs aimed at reducing the prevalence of 
pathogenic KoRV subtypes in captive populations. Fur-
thermore, understanding the molecular mechanisms 
underlying KoRV pathogenesis enhances conservation 
efforts by providing new tools for assessing and miti-
gating the impact of this virus on both captive and wild 
koala populations.

Methods
Study animals and sampling
For transcriptome analysis of koala PBMCs, three 
adult koalas (viz., KHB-02, KHL-03, and KHY-04) were 
selected from Hirakawa Zoological Park, Kagoshima, 
Japan. They were infected with either the endogenous 
(KoRV-A) or the exogenous (KoRV-B and/or -C) subtype. 
Additionally, spleen samples (n = 6) from six dead koalas 
(viz., K1–K6), and a blood sample (n = 1) from an alive 
koala (K7) was collected from the zoo. The demographic 
data for each koala and their infection status (infected 
with KoRV-A, -B, or -C subtypes) are presented in Tables 
S1 and S2. Whole-blood samples treated with heparin or 
ethylenediaminetetraacetic acid (EDTA) were collected 
via venipuncture in November 2020, and PBMCs were 
isolated as described previously [29]. Genomic DNA 
(gDNA) was extracted from EDTA-treated whole-blood 
samples using a Wizard Genomic DNA Purification Kit 
(Promega, Madison, WI, USA) according to the manu-
facturer’s instructions, and the extracted gDNA was used 
as a template for PCR subtyping. KoRV-A, -B, and -C 
subtypes were determined by subtype-specific PCR tar-
geting env (Table S7) and further confirmed by sequenc-
ing as described previously [7, 23, 32]. The health status 
of each koala used in the RNA-seq was determined via 
routine hematological analyses.

RNA extraction and high-throughput sequencing
Total RNA was extracted from PBMCs and spleen tis-
sue  using the RNeasy Plus Mini Kit (QIAGEN, Hilden, 
Germany), according to the manufacturer’s instructions. 
The concentration and purity of the extracted RNA were 
determined using a NanoDrop 2000 spectrophotometer 
(Thermo Fisher Scientific, Waltham, MA, USA). RNA 
quality and integrity were assessed using an Agilent 2100 
Bioanalyzer (Agilent Technologies, Santa Clara, CA, 
USA). In the present study, next-generation sequenc-
ing/single-cell RNA-seq was used. RNA samples were 
converted into cDNA libraries using a TruSeq Standard 
Total RNA Prep kit (Illumina, San Diego, CA, USA), 
according to the manufacturer’s instructions. Paired-
end (2 × 150 bp) sequencing of the prepared library pool 
of samples was performed using a HiSeq2000 sequencer 
(Illumina) at GENEWIZ (South Plainfield, NJ, USA).

Transcriptome alignment, assembly, and gene annotation
After removing the 5′ adaptor, trimming the 3′ acceptor, 
filtering low-quality reads with a quality value (Q) < 10 
(the quality value was calculated using the following 
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equation: Q = ASCII character code – 64), and clean-
ing up contaminated reads [47]. Consequently, the clean 
reads were obtained. To obtain high-quality reads, raw 
RNA-seq data were filtered and trimmed using Trimmo-
matic [48]. High-quality clean reads were aligned against 
the reference KoRV genome (NC_039228.1) using 
HISAT2 (hierarchical indexing for the spliced alignment 
of transcripts) (v2.0.1) [49]. In addition, the read distri-
bution of clean data was obtained using the reference 
genome, and the read density distribution on each chro-
mosome was calculated as  log2 values of read counts in 
1 kb.

To perform de novo assembly, distinct contigs were 
assembled with Illumina short reads using Trinity v2.2.0 
[50]. The reads were aligned to the assembled contigs to 
detect contigs from the same transcript. Subsequently, 
scaffolds between the closed contigs were constructed 
using paired-end mapping. Finally, paired-end reads 
were used to fill the intra-scaffold gaps, and a set of 
non-redundant unigenes was constructed with the least 
number of unaligned reads. Open reading frames (ORFs) 
were detected using TransDecoder v3.0.0 in Trinity 
software. For functional annotation, the BLAST pro-
gram (E-value =  1e−5) was used based on unigenes and 
various nucleotide/protein databases, including the Nr, 
Swiss-Prot, GO, and COG databases. The best align-
ment results were retained for each database. Specifically, 
when the results from different databases conflicted, the 
priority order of NR, Swiss-Prot, KEGG, COG, and GO 
was used to determine the annotated unigenes. Gene 
expression was measured using read density; the higher 
the read density, the higher the level of gene expression. 
Gene expression was calculated using RSEM (RNA-Seq 
by Expectation–Maximization) v1.2.4, which measures 
gene expression in fragments per kilobase of exon per 
million mapped (FPKM) using the following formula: 
FPKM = 109 C/NL, where C is the number of fragments 
uniquely aligned to the gene of interest, N is the total 
number of fragments uniquely aligned with the refer-
ence genome, and L is the base length of the target gene. 
Finally, gene diversity analysis was performed based on 
FPKM read counts using HT-seq v 0.6.1 [51].

Differential gene expression analysis
Dataset preparation and identification of differentially 
expressed genes
Gene expression analysis was performed to identify the 
differentially expressed genes (DEGs) using the Galaxy 
web browser (https:// usega laxy. org/). Using the three 
RNA-seq datasets as inputs, an RNA-seq workflow (Fig. 
S6) was used to sequentially perform the analytical steps 
of the adaptor and quality trimming, mapped to a refer-
ence genome, and read the count per identified gene. In 

the present study, two datasets were prepared from three 
RNA-seq datasets (N = 3) of infected koala PBMC sam-
ples, including one RNA-seq dataset (n = 1) from koala 
infected with endogenous (KoRV-A; KHY-04) subtype 
(Group I) and two RNA-seq datasets (n = 2) from koa-
las infected with exogenous (KoRV-B and/or -C; KHB-
02, and KHL-03) subtypes (Group II),. A paired-end 
sequence was used for each RNA-seq dataset, which was 
filtered using Trimmomatic [48] for adapter trimming. 
Subsequently, the trimmed reads were mapped against 
the NCBI reference koala genome sequence (Accession 
No.: GCF 002099425.1, Bio Project No.: PRJNA359763) 
using HISAT2 (hierarchical indexing for spliced align-
ment of transcripts). The featureCounts [52] program was 
used to calculate gene expression in the RNA-seq data-
sets. Several statistical operations were performed on the 
datasets to determine the DEGs. The Benjamini–Hoch-
berg false discovery rate method was used to balance 
the discovery of statistically significant genes with the 
limitation of false positives [24]. The BioJupies Generator 
online server (https:// maaya nlab. cloud/ bioju pies/) was 
used for RNA-seq raw data analysis. In the present study, 
genes with absolute p-value < 0.05 and absolute value of 
 log2 Fold  Change > 1.5 were considered DEGs. Besides, 
we set up the p-value as < 0.05 and log Fold Change > 1.5 
for an upregulated gene and log Fold Change < -1.5 for a 
downregulated gene. Subsequently, unique differentially 
expressed genes were identified using Venny 2.0 [53]. A 
custom-built dataset for the koala genome was used due 
to the absence of specific references for non-human spe-
cies in BioJupies.

Protein–protein interaction network construction, cluster 
analysis, and selection of hub proteins
A protein-protein interaction (PPI) network was built 
using DEGs shared between the two datasets (Group 
I vs. Group II). PPI networks of the shared DEGs were 
constructed using the STRING database (https:// string- 
db. org/) [54], and cluster analysis was performed using 
the ClusterViz [55] plugin of Cytoscape v3.8.2 [56]. The 
MCODE (Molecular Complex Detection) algorithm was 
used to find highly interconnected proteins with estab-
lished “parameters” including degree score threshold:2, 
node score threshold:0.2, and K-Core:2 [55]. Potential 
hubs within the PPI network were determined using dif-
ferent local- and global-based methods with the cyto-
Hubba plugin in Cytoscape v3.8.2. Whereas the local 
method ranks hubs based on the relationship between 
a node and its direct neighbor, the global method ranks 
hubs based on the interaction between the node and 
the entire network. In total, five different methods were 
considered, including three local rank methods: degree, 

https://usegalaxy.org/
https://maayanlab.cloud/biojupies/
https://string-db.org/
https://string-db.org/
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maximum neighborhood component (MNC), and maxi-
mal clique centrality (MCC), and two global rank meth-
ods: edge percolated component (EPC) and closeness 
centrality [24]. Thereafter, the results were compared, 
and common nodes were identified as the most potential 
hubs. The PPI networks were analyzed using Cytoscape 
v3.8.2. Finally, the common hub proteins were identified 
by comparing five cytoHubba methods using the jVenn 
online server (http:// jvenn. toulo use. cra.fr/app/example.
html) [57].

Functional and pathway enrichment analysis
The Database for Annotation, Visualization, and Inte-
grated Discovery (DAVID) online server (https:// david. 
ncifc rf. gov/) [58] was used to perform functional and 
pathway enrichment analyses of potential hub genes 
using the Gene Ontology (GO) [59] and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) databases 
[60]. After performing an over-representation analy-
sis, a collection of enriched cell signaling pathways and 
functional GO keywords was discovered, revealing the 
biological importance of the previously detected DEGs. 
Duplicate pathways were deleted, and important paths 
with p-value < 0.05 were evaluated and considered. For 
functional GO annotations, the biological process (BP), 
molecular function (MF), and cellular component (CC) 
datasets of GO were investigated in DAVID, and the 
most important GO terms were selected based on the set 
criteria with an adjusted p-value < 0.05. Bubble plots of 
the upregulated and downregulated common DEGs were 
drawn using SRplot (https:// www. bioin forma tics. com. cn/ 
en), and chord plots of the GOs and pathways shared by 
the four databases were drawn using SRplot.

Quantification of hub gene expression by RT-qPCR
The mRNA expression levels of koala hub genes (CCNB2, 
POLR3F, KIF23, and RSL24D1) were assessed in koala 
spleen tissues (K1 − K6) and PBMCs from the blood (K7) 
of koalas using a one-step RT-qPCR approach with Bril-
liant III Ultra-Fast SYBR Green RT-qPCR Master Mix 
(Agilent Technologies) according to the manufacturer’s 
instructions. Primers for amplifying the hub genes were 
designed using Primer-BLAST (accessed on August 21, 
2023, at https:// www. ncbi. nlm. nih. gov/ tools/ primer- 
blast/) based on the target sequences available in NCBI 
GenBank (Table S8), and primers for the reference gene 
(koala actin) have been previously described [6]. The 
cycling conditions consisted of reverse transcription at 
50 °C for 10 min, initial denaturation at 95 °C for 3 min, 
followed by 40 cycles of denaturation at 95  °C for 5  s, 
and annealing/extension for 10 s. Each reaction was con-
ducted in duplicate within a 20-μL volume, utilizing a 96 
micro-well plate and the CFX Connect Real-Time PCR 

Detection System from Bio-Rad (Hercules, CA, USA). 
Each reaction included a no-template control and stand-
ard curve for each gene. The specificity of each PCR reac-
tion was confirmed through melt curve analysis, with 
koala actin serving as the endogenous control for the 
normalization of results.

Statistical analysis
The RT-qPCR data were analyzed and graphically repre-
sented using GraphPad Prism 10.0.2 (https:// www. graph 
pad. com/ scien tific- softw are/ prism/, Boston, MA, USA). 
One-way Analysis of Variance (ANOVA) and following 
Dunnett’s multiple comparison tests were performed for 
the RT-qPCR data, and a p-value of < 0.05 was considered 
significant.

Conclusion
In conclusion, our study confirms that KoRV subtypes 
affect koala health significantly, especially exogenous sub-
types such as KoRV-A, -B, and -C. Koalas with multiple 
KoRV subtypes tend to have higher KoRV plasma loads, 
which are potential prognostic markers. Gene expression 
analyses revealed the immunosuppressive and oncogenic 
characteristics of KoRV, linking it to leukemia, lym-
phoma, and immunosuppression in koalas. The results 
of the present study enhance our understanding of KoRV 
pathogenesis in KoRV-infected koalas and offer insights 
into their health and conservation. Additionally, the 
DEGs identified, CCNB2, POLR3F, KIF23, and RSL24D1, 
provide potential therapeutic targets for KoRV-related 
diseases. Notably, KIF23 and CCNB2 show the highest 
expression in healthy koala PBMCs, and POLR3F shows 
the highest expression in koala with lymphoma (K1).

Although pioneering, further research with a larger 
cohort of multi-subtype KoRV-infected koalas is required 
to comprehensively understand the effects of KoRV sub-
types on koala health and cancer development.
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