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tumor, aneurysmal bone blister, and nerve dysplasia 
of bone.[3] The basic malignant bone tumors are (a) an 
osteosarcomas (36%) in the leg bones of adults and 
children; more incessant among young girls under 15 and 
young boys over 15 years of age; more common among 
nonwhites than whites;[4] (b) chondrosarcoma (30%) 
that usually affects individuals over 40 years of age; 
a small tumor that grows frequently in the pelvic 
bones; and (c) Ewing’s sarcoma (16%), a disease that 
primarily affects kids and adolescents; develops in large 
bones, such as those in the upper arm, thigh, pelvis 

INTRODUCTION

Bone tumor is a neoplastic growth of bone tissues. 
Abnormal or irregular developments of the bone can 
be either benign or dangerous. In US, normal 5‑year 
survival after diagnosis of bone and joint malignancy 
is 67%.[1,2] Bone cancer is the most significant cancer 
relativeto several other forms of cancers. Primary bone 
tumors can be classified into two: Cancer and tumors. 
Benign bone cancer involves osteoma, enchondroma, 
osteochondroma, osteoid osteoma, osteoblastoma, giant 
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or shin; two‑fold males are affected as females; a rapidly 
developing tumor is nerly9‑fold greater among whites than 
non‑whites.[5,6]

Bone tumors can be called as benign tumor that forms in the 
bone or bone‑determined cells and tissues, and metastatic 
tumors, that begin at various locations and spread to several 
areas of the skeleton.[7] The most frequent symptom of bone 
tumors is tormenting, which slowly and gradually increases 
after some time. The pain usually arises with the growth of 
the tumor. Additional symptoms may include weakness, 
fever, weight reduction, iron deficiency, and unexplained 
cracks of bones. Numerous patients apart from the effortless 
mass won’t experience any side effects. Any bone tumors 
can weaken the structure of the bone, causing pathologic 
cracks.[8] Exploring the association between multiple genes 
and related phenotypes is a significant method in both 
molecular and cancer biology. In osteosarcoma, the major 
mutations are observed in GRM4, CDKN2A/B, P53, RB, 
RECQL2/3/4, E2F, MDM2, WWOX, FGFR2, MAPK, and 
VEGF genes.[9] Similarly, in chondrosarcoma, the commonly 
mutated genes are Cyclooxygenase‑2, PTHLH, bcl2, P53, 
MDM2, CDKN2, and INK4A genes.[10] The common genes 
involved in Ewing’s sarcoma include C‑MYC, FL1, ERG, 
ETV1, FEV, STAG2, P53, CDKN2A, and TERT genes.[11]

A gene interaction network is a set of genes (nodes) 
interconnected by the edges representing functional 
interactions between these genes. The edges are known 
as interactions, thus, the two given genes in question 
are said to have either a physical interaction by their 
gene products; proteins, or one of the genes transform 
or interrupt the activity of another gene. In addition to 
these physical interactions, there are genetic interactions 
in which two gene alternates have a common effect that 
is not manifested either of them alone. These types of 
interactions are essential for understanding pathways 
and regulation in the model organisms,[12] as well for the 
insight into complex diseases.[13,14] Gene set enrichment 
analysis (GSEA) also known as functional enrichment 
analysis is a method for recognizing classes of genes or 
proteins that are over‑represented in a wide variety of genes 
or proteins, and may be correlated with disease phenotypes. 
The approach uses statistical and computational techniques 
to identify significantly enriched or useless groups of 
genes. Microarray and proteomics findings usually detect 
thousands of genes for analysis.[15]

In Bioinformatics research, pathway analysis software is 
used to identify linked proteins within a pathway or to 
construct de novo pathway from the proteins of concern. 
Pathway research allows to explain omics data in the 
context of pathways figures. It enables the detection of 
various cell processes, diseases, or signaling pathways that 

are statistically related to differentially expressed genes 
between two samples.[16,17] Pathways analysis isalso used 
instead of networks analysis, functional, and GSEA.[18]

Scientific rationale
This research study focuses on systematic examination 
of the functional enrichment of genes to establish their 
involvement in important pathways contributing to the 
development of several cancers. For this reason, the key 
genes involved in bone have been examined for their 
enrichment in multiple pathways and highly sensitive 
cDNA experiments have been performed to determine the 
levels of expression in other cancer as well.

MATERIALS AND METHODS

Data collection
Data on mutated bone cancer gene samples were collected 
from the cancer browser of the Catalog of Somatic Mutations 
in Cancer (COSMIC) database. It is an online database of 
somatic mutations found in human cancers[19] incorporates 
knowledge from the scientific literature and clinical trial from 
the Cancer Genome Project at the Sanger Institute. COSMIC 
includes 4800 somatic mutations in a variety of cancers.[20]

Highly mutated genes and network‑based enrichment 
analysis
Genes with maximum mutations in samples were 
selected and their network‑based enrichment analysis 
was performed, by the EnrichNet server; a web‑based tool 
for investigation of gene and protein records, which uses 
evidence from molecular systems and offers a chart based 
representation of the findings. EnrichNet exploits data 
from the submolecular system structure that deals with two 
gene/protein sets, with a more intuitive understanding of 
system substructures. Thus, allows a direct submolecular 
translation of how a user characterized set of genes/proteins 
is identified with a gene/protein set of known functions.[21] 
The probability of genes forming a network was estimated 
using the Fisher’s exact test formula shown in equation 1.

p = ((a+b)! (c+d)! (a+c)! (b+d)!) / (a! b! c! d! n!)....... eq. (1)

In this formula, a, b, c, and d are the frequencies of the 
gene occurrence in each pathway, and N is the cumulative 
frequency of gene appearance in all the pathways. The 
genes having significant score values for enrichment were 
identified and the ontologies were determined for the genes 
having significant values.

Identification of significant pathways and network 
development
The genes having significant score values for enrichment were 
identified and their associated pathways mechanisms were 
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determined. The gene interaction network was developed 
for those who have shown maximum overlap (involvement) 
with the pathway genes and submitted genes data sets 
through the Gene Mania Tool. Gene MANIA (http://www.
genemania.org) is an adaptable, easy to understand web 
interface for developing models of genes ability, breaking 
down gene records, and organizing them for functional 
examinations. Given a query list, GeneMANIA generates 
an interaction network using accessible genomics and 
proteomics information.[22] The hub nodes of the network 
were identified through modularity analysis calculated by 
equation 2.

[ ^ 2]
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 = −   ∑  eq. 2

Here ‘e’ is the number of edges in the network, ‘s’ represents 
the number of strongly connected edges, and d is the degree 
of a node. The genes showing a large number of interactions 
were considered as hub genes.

Functional based enrichment analysis and drugs 
identification
Genes enrichment analysis and candidate gene prioritization 
were also calculated for the hub genes, based on functional 
annotations and protein interaction networks by the 
TopGene and TopFun tools. TopFun shows functional 
enrichment of the gene list based on Transcriptome, 
Proteome, Regulome, Ontologies, Phenotype, Pharmacome, 
literature co‑citation, and other features, whereas, TopGene 
ranks candidate genes based on functional similarity to 
training gene list. The overlapping genes were identified 
by the formula shown in equation 4.
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In this formula the On represents the number of overlapped 
genes, tn is the total number of genes. The overlapped genes 
are those which show some degree of similarity. The Drugs 
used to combat the diseases caused by the selected mutated 
genes were also identified through TopFun tool.[19,23]

The expression analysis of significant genes and their 
survival rate
The expression analysis and survival rate of patients were 
conducted for those significant genes that overlapped a 
maximum number of pathways through Gene Expression 
Profiling Interactive Analysis (GEPIA) server; a newly 
built interactive webserver to analyze gene expression 
data of 9,736 tumors. GEPIA performs several operations 
such as analysis of differential expression of tumor genes, 
profiling, according to the type of cancers, and the survival 
analysis of patients according to gene expressions, similar 

gene detection, correlation analysis, and dimensionality 
reduction analysis.[24]

cDNA expression assay profiling and Verification of 
abnormal expression of hub genes
Blood samples of cancer patients were collected through 
informed consent. Ethical Committee approval was 
obtained from The Baoji Hospital of Traditional Chinese 
Medicine and Capital University of Science and Technology, 
Islamabad. A total of 100 fresh‑frozen cancer specimens 
were collected from surplus material used for biopsy 
purposes. Cell cultures were prepared, the samples were 
put in 165iu collagen type‑2 GIBCOt Invitrogen Corporation 
to disaggregate the cells. The growth of cultures was 
regulated in DMEM with 10% FCS. The cDNA array 
studies were performed on Human Genefilterst‑GF211. 
Nylon‑microarrays with 7196 known human cDNA 
probes were chosen from Unigene. Tumor tissues were 
dissected into roughly 0.5 cm3 thick pieces. Each piece was 
put into a sterile cryotube consisting of liquid nitrogen, 
until ready for the extraction of RNA. The RNAs were 
extracted from frozen tumor tissues using a buffer solution 
containing guanidine–thiocyanate, and b‑mercaptoethanol 
as instructed by the manufacturers. The specimens were 
homogenized and RNA extraction was performed using 
an RNeasy Minikit (Qiagens Ltd).

The consistency of overall extracted RNA molecules was 
confirmed by the inclusion of 28S and 18S ribosomal 
bands on 1% agarose gels. The single‑stranded cDNAs 
were synthesized according to the Research Genetics 
protocol. Each probe was made using 6 mg RNA. Duplicate 
probes were produced from one pool of RNA for each 
individual patient. The probes were then radio‑labeled 
with 33PdCTP (ICN Radiochemicals, Amersham, UK) and 
purified. All the radio‑labeled probes were hybridized 
on a nylon filter overnight. After hybridization with the 
radio‑labeled probe, the filters were washed using 0.5%–1% 
concentrations of sodium‑dodecyl sulfate and 2X–0.5X 
SSC. The filters were exposed to a phosphor screen for 48 h 
and then scanned using a Cyclonet Packard Instrument 
Company, Meridan, USA. Genetic mutations consisting of 
gene amplifications, down‑regulations, deletions, missense 
mutations, and substitution related to the identified hub 
genes were measured, transcriptional changes, and mutual 
expression abilities of genes were calculated through 
Kaplan–Meier analysis. Moreover, datasets were extracted 
to verify the highly differentiated genes among the hub 
genes.

RESULTS AND DISCUSSIONS

The dataset consists of approximately 13473 genes with 
major mutations in several forms of bone cancer, 45 genes 
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having larger number of reported mutations were chosen 
for enrichment analysis to figure out the wide variety of 
possible biomedical applications. The enrichment analysis 
is the positioning of interactions between the group of 
identified disease‑related genes and pre‑characterized gene 
sets that demonstrate cell pathways. We found 82 different 
Gene ontologies with significance of network‑distance 
distribution values (XD Score) ranging from 9.4 × 102 
to 1.0 × 101, out of 82, only 9 ontologies were selected 
which displayed significant values greater than or equal 
to 9.0 × 101. More specifically, gene sets with similar or 
somewhat related over‑representation scores can be 
distinguished using their Xd‑distances.[25] The identified 
Biological process ontologies with a significant score value 
greater than or equal to 9.0 × 101 for the genes set are shown 
in Table 1.

Table 1 shows the pathway identifiers for the genes set and 
their network‑comparability scores (Xd‑scores). Keeping in 
mind, the Fisher’s exact test calculated the value of genes set 
to cover the pathways with the user‑specified genes set.[26] 
Furthermore, the number of genes in the transferred and 
mapped user characterized gene set, the mapped pathways, 
and their intersection sets were shown.

Total 196 pathways related to the genes set were identified, 
but only 15 pathways were chosen indicating a significant 
correlation between the XD score and Fisher’s exact test 
[Table 2].

The absolute correlation between Pearson’s coefficient and 
XD score is 0.8 with 95% confidence value, which indictes 
that the uploaded gene set and mapped genes were strongly 
correlated for Gene Ontology. As shown in Tables 1 and 2, 
it is found that the maximum numbers of genes overlapped 
with the pathway genes is 7 in total: CDKN2A, AKT1, 
NRAS, PIK3CA, RB1, BRAF, and TP53. The involvement 
of these genes in pathways was also verified through a 
fun coup tool for cross verification. The gene interaction 
network is shown in Figure 1.

The network shown in Figure 1 has a predictive confidence 
value of 0.85, with 85% accuracy. The overlapped genes 

outlined in circles with strong lines in Figure 1 are the 
most important components of significant pathways. About 
30.99% of physical interactions were identified and 28.29% 
of the genes represent co‑expression among each other. 
18.6% state changes, 5.7% change in expression levels, and 
7.2% genes‑complexes were observed. We also found that 
all the 7 highlighted genes showed co‑expression with each 
other. A gene interaction network is an arrangement of 
genes associated with edges that show functional relations 
between them. The edges are known as interactions 
since the two given genes are thought to have either a 
physical interaction through their gene items, for example, 
proteins, or one of the gene modifications or influence 
the action of another gene of intrigue.[27] Other than these 
physical interactions, genetic interactions also occurred, 
visualization and investigation of these networks are 
basic for specialists. They analyze and understand these 
networks and help to reconcile outer information sources, 
for example, the gene ontology.[28] As the understanding of 

Table 1: The identified biological process ontologies as a result of genes enrichment
Process Network distance distribution (XD‑score) Overlap (Fisher‑test, Q) Genes involved
Kidney development 9.9e‑02 0.3804 CTNNB1, PKHD1
O‑glycan processing 9.7e‑02 0.6796 MUC6
Meiosis 9.7e‑02 0.6796 STAG6
Blood coagulation 9.4e‑02 0.0036 AKT1, TTN, P53, NRAS, H3F3B, 

APOB, GNAS, H3F3A, PIK3CA
T cell costimulation 9.4e‑02 0.3874 AKT1, PIK3CA
Positive regulation of 
neuroblastproliferation

9.2e‑01 0.0714 CTNNB1, SMO

Cilium assembly 9.4e‑02 0.6901 PKHD1

Figure 1: The gene interaction network and their roles in several pathways, the 
hub genes are represented by the solid lines within the circles, the red color 
represents up‑regulation of genes whereas pink color shows down‑regulation. 
Blue arrows show state changes, changes in expressions are shown by green 
arrows; the brown ones represent gene complexes
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Table 2: The Pathways identified on the basis of enrichment analysis of bone cancer mutated genes set
Pathway Network distance 

distribution (XD‑score)
Overlap 

(Fisher‑test, Q)
Genes involved

Thyroid cancer 1.2432 4.7e‑05 CTNNB1, BRAF, NRAS, P53
Nonsmall cell lung cancer 1.0702 1.3e‑07 PIK3CA, RB1, AKT1, CTNNB1, BRAF, NRAS, P53
Bladder cancer 0.9836 8.0e‑06 CTNNB1, BRAF, NRAS, P53, RB1
Endometrial cancer 0.8971 9.5e‑07 AKT1, PIK3CA, CTNNB1, BRAF, NRAS, P53
Glioma 0.8586 2.5e‑07 PIK3CA, RB1, AKT1, CTNNB1, BRAF, NRAS, P53
Melanoma 0.7851 2.9e‑07 PIK3CA, RB1, AKT1, CTNNB1, BRAF, NRAS, P53
Chronic myeloid leukemia 0.7460 3.0e‑07 PIK3CA, RB1, AKT1, CTNNB1, BRAF, NRAS, P53
Acute myeloid leukemia 0.6920 3.3e‑05 AKT1, BRAF, NRAS, PIK3CA, KIT
Pancreatic cancer 0.6301 5.1e‑06 AKT1, PIK3CA, CDKN2A, BRAF, NRAS, P53
Colorectal cancer 0.5844 5.6e‑05 CTNNB1, BRAF, AKT1, P53, RB1
Prostate cancer 0.5828 8.4e‑07 PIK3CA, RB1, AKT1, CTNNB1, BRAF, NRAS, P53
Basal cell carcinoma 0.5132 8.5e‑04 CTNNB1, PTCH1, SMO, P53
Citrate cycle (TCA cycle) 0.4586 3.9e‑02 IDH1, IDH2
mTOR signaling pathway 0.3880 9.9e‑03 AKT1, BRAF, PIK3CA
Renal cell carcinoma 0.3729 1.9e‑03 AKT1, BRAF, NRAS, PIK3CA
TCA = Tricarboxylic acid, mTOR= mechanistic target for rapamycin

physical and functional interactions between molecules in 
the living body is therefore of most significance in biology 
thus, understanding interactions between proteins are 
increasingly helpful in evaluating the roles in healthy and 
unhealthy conditions of living beings and may help in the 
determination, prevention, and treatment of sicknesses.[29]

The expression levels of hub genes in cancers were evaluated 
and the survival rates of patients were calculated by 
uploading genes set [Table 3] into the GIPEA, choosing their 
respective cancers [Table 2], and the survival rate of patients 
having particular gene mutations was analyzed [Figure 2].

Figure 2 indicates that none of the patients have demonstrated 
fruitful results of survival and their survival rate is 
decreasing continually. Therefore, understanding gene 
enrichment of pathways may identify novel biomarkers 
for cancer. Specifically, this type of gene mutation data of 
bone cancer can be used to manage medicinal research for 
innovative applications and novel treatments of existing 
chemotherapies. The significant genes involved in multiple 
pathways profiles reflect the enhanced biological activity of 
genes. Our investigation offered important insights into the 
behavior and mechanism of these genes, their involvement 
in a variety of pathways, and their closeness.

Figure 2: The analysis of survival rate of patients suffering from genes mutations in several cancers, (a) RB1 mutations, (b) NRAS mutations, (c) mutations of TP53, 
(d) BRAF mutations, cancers, (e) PIK3CA mutations, (f) AKT1 mutations, (g) mutations of CDKN2A

dc

g

b

f

a

e
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Approximately 100 samples of various cancer patients were 
collected and cDNA array studies were performed on the 
samples to measure the expression of the hub genes in 
specimens. The good quality RNA molecules were extracted 
for the manufacture of radio‑labeled cDNA probes and 
array data were derived. The highly expressed genes in all 
the tumor samples contained several significant markers, 
but only the hub genes obtained through GSEA were used 
to validate their expression in all the samples. Analysis of 
the dataset found that RB1, P53, and NRAS were amplified 
in the Brain cancer, while BRAF, CDKN2A, and AKT1 were 
amplified in the Sarcoma samples. Maximum deletion 
mutations of the PIK3CA gene were observed in leukemia. 
CDKN2A gene amplifications were found in nearly all 
cancers. In some cancers, the truncating mutations, missense 
mutations, and deletions were also observed. Table 3 
summarizes the detailed analysis of expression levels of 
hub genes.

CONCLUSION

Various tumor genes have been analyzed for the signaling 
and metabolic pathways in the formation of bone tumor 
and were developed into a useful functional map. This 
subsequent, detailed investigation prompts a more 
methodological perspective on normal and human tumor 
systems. This study leads to the recognizable proof of novel 
superimposed pathways that are strongly related to cancer 
and tumor science. 82 different Gene ontologies were found 
with XD Score ranging from 9.4 × 102 to 1.0 × 101, out of 82, 
only 9 ontologies were chosen which display significant 
values greater than or equal to 9.0 × 101. The larger Fisher’s 
exact test values were obtained for the thyroid and non‑small 
cell lung cancers. The CDKN2A, AKT1, NRAS, PIK3CA, 
RB1, BRAF, and TP53 genes were found to be the most 
important among the 41 selected genes. In addition, notable 
gene expression profiles were measured concerning their 

Table 3: Different mutations of hub genes analyzed in the collected samples of the cancer cells and their clinical 
analysis and verifications
Collected samples of cancer Type Occurrence of genes mutations

RB1 P53 NRAS BRAF CDKN2A AKT1 PIK3CA
Bladder cancer 2 1 1
Brain and CNS cancer 4 7 5 5
Breast cancer 2 9
Cervical cancer 1 7 1
Colorectal cancer 3 1 2 9
Esophageal cancer 1
Gastric cancer 1
Head and neck cancer 1 1 2 2
Kidney cancer 6 2 1 2 9 1
Leukemia 6 2 2 3 13 7 9
Liver cancer 2 4
Lung cancer 1 1 1 10 4 6
Lymphoma 4 2 1 8 2 4
Melanoma 2 2
Myeloma 1 1
Other cancer 1 4 3 1 4 1
Ovarian cancer 4 1 10 1
Pancreatic cancer 1 1
Prostate cancer 1 1 3
Sarcoma 1 8 2 1 17 3 3
Significant unique analysis 13 15 11 8 18 6 9
Total unique analysis 87 85 89 92 82 94 91

Down regulation   Amplifications   Deletion   Truncating mutations   Missense mutations

CNS=Central Nervous system
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natural behavior for the productive combination of focused 
tumor therapeutics and for increasing the application area 
of entrenched tumor treatments. In the future, this approach 
will be used to classify various mechanisms related to the 
development of many diseases and the roles of different 
genes in a variety of diseases.
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