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REVIEW ARTICLE

Receptors of advanced glycation end products 
in oral squamous cell carcinoma: A systematic 
review

Sinduja Palati*, Pratibha Ramani, and Saravanan Sekaran
Department of Oral and Maxillofacial pathology, Saveetha Dental College and Hospitals, Saveetha 
Institute for Medical and Technical Sciences, Chennai, Tamil Nadu, India

Tumor Discovery

Abstract
Oxidative stress markers have been shown to be elevated in oral squamous cell 
carcinomas; plays a crucial role in the build-up of advanced glycation end-receptors 
of advanced glycation end (AGE-RAGE) products; and has been shown to exacerbate 
cellular dysfunction, vascular change, apoptosis, and activate inflammatory 
pathways. The purpose of this study is to assess comprehensively the involvement 
of RAGE in oral squamous cell malignancies. The findings imply that these receptors 
and their associated ligands play a significant role in the growth and spread of the 
tumor, hence impacting the prognosis and life expectancy of the affected individual. 
This comprehensive review uncovers promising evidence for the clinical use of these 
molecules, such as RAGEs, in prognostic considerations or as molecular targets for 
therapy. The available literature shows a role for RAGE in invasion, migration, and 
angiogenesis in oral cancers. These preliminary findings are encouraging for the 
therapeutic use of these molecules for prognostic considerations or molecularly 
targeted therapy.

Keywords: Receptors of advanced glycation end products; Advanced glycation end 
products; Oral squamous cell carcinoma; Oral cancers

1. Introduction
Oral squamous cell carcinoma (OSCC) is the sixth most common type of cancer in the 
world. OSCC accounts for at least 40% of all cancers; it is especially prevalent in India and 
Sri Lanka. OSCC is a complex cancer in which genetic mutations, environmental factors, 
and other risks contribute considerably to its malignancy[1]. Local growth and lymph 
node metastasis are intrinsically linked to the malignant potential of OSCC[2]. It has been 
established that oxidative stress is enhanced in oral cancers and plays a significant role in 
the build-up of several toxic substances. Oxidative stress is characterized by an imbalance 
between the production of free radicals and antioxidants. In addition, it is illustrated by 
a phenomenon implicated in the pathophysiology of numerous inflammatory disorders 
and cancers.

Glycation is a non-enzymatic, spontaneous interaction between free reducing sugars 
and free amino groups of proteins, DNA, and lipids that result in the creation of Amadori 
products. Multiple irreversible dehydration and rearrangement result in the formation 
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of advanced glycation end products (AGEs). It has been 
demonstrated that the presence of AGEs increases cellular 
dysfunction, vascular alteration, apoptosis, and activation 
of inflammatory pathways. Receptors of advanced glycation 
end products (RAGEs) are a receptor for several ligands, 
including amphoterin, advanced glycation products, 
b-amyloids, and S100 proteins[3,4].

The gene for RAGE is located on chromosome 6p21.3 
at the class II/III junction of the major histocompatibility 
complex and has a 1.7 kb 5’ flanking region, 11 exons, 10 
introns, and a 3’ untranslated region[5,6]. RAGE products are 
raised in a variety of clinical conditions, including several 
cancers. At each stage of the lesion, RAGE is expressed 
in the tissue in a distinct manner. The RAGE, commonly 
referred to as a “pattern recognition receptor,” is a member 
of the immunoglobulin superfamily of cell surface 
molecules with a diverse array of ligand specificities[7].

By interacting with its varied ligand families, RAGE 
orchestrates several intracellular signaling pathways 
to govern numerous cellular functions, including 
inflammation, apoptosis, proliferation, and autophagy. 
In animal models, it has also been demonstrated that 
inhibiting RAGE signaling inhibits cancer growth and 
metastasis through regulating tumor proliferation, 
invasion, and matrix metalloproteinase expression[8]. 
The purpose of this literature review is to establish the 
relationship between RAGEs and OSCC by clarifying 
the importance of RAGE as a diagnostic and predictive 
biomarker for oral malignancies as well as a potential 
treatment strategy.

2. Materials and methods
We conducted a comprehensive search in PubMed, 
Google, and Cochrane for publications published up to 
December 2017 that explored the connection between 
RAGE and oral cancer. Several crucial terminologies were 
used separately and in conjunction: RAGE, receptor for 
advanced glycation end products, or AGE, oral cancer, 
carcinoma, oral neoplasm, and squamous cell carcinoma.

Exclusion criteria included non-English publications, 
conference abstracts, and studies that did not involve 
human subjects or samples, reviews, and articles relating to 
other head and neck tumors, and studies assessing the effect 
of drug therapy. Articles on oral cancer, cross-sectional 
research, and RAGE values are included as inclusion 
criteria. Following a review of article titles and abstracts, 
seven full-text studies were retrieved for inclusion in the 
study.

Due to the heterogeneity of the analyzed studies, a 
meta-analysis was not possible. The collected papers were 

subjected to a systematic review, and the results were 
tabulated and analyzed in Table 1.

3. Results
About 28% of the articles utilizing immunohistochemistry 
(IHC) demonstrated that RAGE products are more 
prevalent in the invasive front of tumor tissues, and 43% 
of the articles demonstrated that high expression of these 
receptors increased the motility of tumor cells. Due to 
their compatibility with several ligands, these receptors 
are crucial for tumor cell angiogenesis, invasiveness, and 
metastasis, making RAGEs an essential biomarker for 
determining the prognosis of oral carcinomas.

4. Discussion
RAGE is a cell surface receptor belonging to the 
immunoglobulin superfamily. They display molecule types 
produced by the non-enzymatic glycation of proteins 
through Millard’s reaction. RAGE is expressed at low levels 
in normal tissue and vasculature during development. It 
appears uncontrolled wherever its ligands congregate[9] 
and is elevated in numerous clinical and non-pathological 
situations. The pro-inflammatory RAGE ligand high 
motility group box 1 (HMGB-1) is frequently released by 
necrotic cells. HMGB-1 and RAGE have also been reported 
to interact in chronic inflammation and the immune system. 
The average RAGE concentration in cancer samples was 57 
± 1.9 pg/mL. In a study, Sasahira et al. hypothesized that 
the concentration of RAGE declines with the progression 
of cancer; this is due to the consumption of such molecules 
during the process of cancer initiation, and the emergence of 
numerous other components in the later stages of cancer[10]. 
Consequently, the concentration of these receptors may be 
depleted during the later stages of cancer[11].

In seven studies encompassing 820  cases and 626 
controls, the overall RAGE levels were shown to be higher 
in well-differentiated OSCC and lower as differentiation 
decreased in this systematic review.

Due to its potential to alter the HMGB-1, it is evident 
that RAGE has a strong relationship with cell motility; this 
has been demonstrated in 43% of the publications, hence 
boosting the invasiveness of the tumor. Using the Boyden 
Chamber experiment, Choi et al. demonstrated that RAGE, 
in conjunction with HMGB-1, considerably increases the 
motility of the cells, while Ujjal et al. demonstrated that 
antisense RAGE inhibits this motility. In their study, Shun 
et al. demonstrated that RAGE antibodies inhibit cell 
motility, underscoring the importance of these receptors 
in the enhanced cell motility observed in cases of OSCC. 
The antibody against RAGE may inhibit the motility and 
migration of cells, thereby facilitating targeted therapy.

https://doi.org/10.36922/td.244
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IHC is used to study the distribution of these receptors 
in tumor tissue sections, which revealed that 28% of the 
articles studied the expression of RAGE in tumor tissues 
and the surrounding normal mucosa using IHC and 
concluded that RAGE positivity is more prevalent at the 
invasive front and is expressed more in well-differentiated 
than poorly differentiated OSCCs. This demonstrates 
that the presence and activity of these receptors and their 
ligands influence the invasiveness of tumor tissues.

Vascular endothelial growth factor (VEGF) is the 
primary facilitator of tumor angiogenesis, encouraging the 
creation of new blood vessels from adjacent capillaries, and 
granting tumors access to the oxygen and nutrients they 
require to flourish[12]. VEGF also plays a crucial role in 
tumor development by protecting tumor neovasculature 
against apoptosis through the activation of anti-apoptotic 
proteins Bcl-2 and survivin[13]. The elevated amounts 
of VEGF in tumors also result in architecturally distinct 
blood vessels compared to normal blood vessels. In 
contrast to the architecture of normal vasculature, tumor 
vasculature is irregularly formed, dilated, convoluted, 
and characterized by a large number of blind ends. Due 
to the chaotic design of tumor vasculature, tumor blood 
flow is often poor, with areas of stasis caused by dead-end 
arteries and disorganized blood flow caused by aberrant 
vascular connections[13]. This, in turn, predisposes regions 
to hypoxia, which further stimulates VEGF release and 
generates disorganized vasculature. In situ study of tumor 
tissues undergoing neovascularization indicates the close 
proximity of clusters of capillaries and VEGF-producing 
cells to necrosis[14].

In one of their articles, Sasahira et al. evaluated the 
relationship between RAGE and VEGF, thereby anticipating 
its role in angiogenesis[15,16]. Long recognized as the most 
potent angiogenic factor, VEGF-A is frequently related 
with increased MDV and unfavorable clinicopathological 
characteristics and results[17]. The expression of VEGF and 
VEGF-C was substantially correlated with MVD and LVD, 
suggesting that RAGE also plays a role in angiogenesis. 
There was no association between VEGF and MVD 
numbers, either individually or in terms of grade[18].

Higher levels of AGE receptors were detected near the 
invasive front of tumors, suggesting that these molecules 
play a role in the invasiveness and spread of cancers. These 
results imply that these receptors and their associated 
ligands play a significant role in the growth and spread 
of the tumor, hence affecting the prognosis and life 
expectancy of the affected individual.

Su et al. examined the genetic predisposition for oral 
squamous cell carcinoma; this investigation revealed that 
the presence of at least one polymorphic allele of rs1800625 

increases the risk of OSCC[19]. Allelic discriminations of 
the RAGE rs1800625, rs1800624, rs2070600, and rs184003 
allelic polymorphisms were investigated, and it was 
observed that the RAGE gene polymorphism rs1800625 
not only raised the risk of oral cancer but was also related 
with late-stage and large-size tumors. The study also 
sheds light on environmental factors that may alter RAGE 
expression and oral cancer susceptibility. Even in the 
absence of tobacco chewing or smoking, polymorphism of 
the rs184003 allele was found to predispose an individual 
to a higher risk of oral squamous cell cancer. RAGE-
ligand antagonists may be able to effectively target the 
“Achilles’ heel” of cancers, namely, poor prognosis, silent 
metastasis, drug resistance, and cancer recurrence, given 
that inhibition of RAGE, HMGB-1, or S100 proteins alone 
has demonstrated a significant reduction in tumor size, 
invasion, and angiogenesis in a number of cancers[20].

In conclusion, there is promise for the creation of 
targeted therapeutics using RAGE products. Its potential 
significance in angiogenesis and tumor progression (cell 
invasion and motility) makes it an attractive adjuvant 
therapy target. In vitro inhibition of RAGE signaling 
with RAGE antibodies decreased cell differentiation 
and migration, thereby establishing RAGE as a unique 
and specific target for the treatment and management of 
OSCCs.

5. Conclusion
Despite insufficient understanding of the mechanism 
of interaction between various ligands and families, the 
available evidence supports the function of RAGE in 
invasion, migration, and angiogenesis in oral cancers. There 
has been no investigation on the diagnostic use of these 
markers for oral malignancies. Multiple clinicopathological 
factors are associated with these oral cancer indicators. 
This evidence is promising for the therapeutic application 
of these compounds in prognostic considerations and 
molecular target recognition treatment. To design a more 
targeted or possibly individualized treatment for patients, 
further study must be undertaken to acquire a better 
knowledge of the molecular events.
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Abstract
Polycystic ovary syndrome (PCOS) is the most common endocrine and metabolic disorder 
among women of reproductive age. PCOS is characterized by ovulatory dysfunction, 
clinical or biochemical features of hyperandrogenism, and polycystic ovaries. The risk 
of cancer among PCOS patients has been a topic of discussion for decades due to the 
overlapping metabolic and endocrine abnormalities. This review article focuses on the 
association of PCOS with various types of reproductive (such as endometrial cancer, 
ovarian cancer, and breast cancer) and non-reproductive cancers, considering different 
aspects, such as the risk of cancer progression in PCOS patients, the underlying factors, 
and the mechanism through which PCOS might progress to cancer. The information 
provided in this article would help create awareness among PCOS patients about the 
need to take risk-reducing measures. This article might also aid in the effort of identifying 
novel therapeutic targets to counteract the progression of cancer in PCOS.

Keywords: Polycystic ovary syndrome; Cancer; Risk; Mechanism

1. Introduction
Polycystic ovary syndrome (PCOS) is the most prevalent endocrine disorder among 
females of reproductive age in developed countries. According to reports, 6–20% of 
women of reproductive age suffer from PCOS[1]. This syndrome, which is heterogeneous, 
may be defined by a combination of signs and symptoms related to androgen excess and 
ovarian dysfunction in the absence of any specific diagnoses[1]. Women who are diagnosed 
with PCOS may complain of heavy or irregular menstrual bleeding, infertility, obesity, 
oily skin, seborrhea, cystic acne, or hirsutism. These symptoms may have a significant 
negative effect on a woman’s quality of life and may cause psychological anguish that 
jeopardizes both her femininity and physical health. As a result, the illness may lead to 
issues at work, dysfunctional family dynamics, and changing perceptions of oneself[2].

The pathophysiology of PCOS is known to be affected by both genetic and 
environmental factors, but its exact cause is unclear[3]. Despite the fact that the molecular 
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mechanism behind PCOS pathogenesis is still largely 
unknown, there is a vast amount of evidence indicating 
that hyperandrogenism is crucial to the progression and 
consequences of PCOS[4]. Whether PCOS is a single clinical 
entity or a conglomerate of many diseases with a common 
clinical appearance is unclear as of yet. Researchers have 
reported heightened risks of insulin resistance, diabetic 
mellitus, cardiovascular disease, metabolic syndrome, 
endometrial dysfunction, and pregnancy complications in 
PCOS patients[5-7].

The risk of cancer among PCOS-affected women has 
been a topic of debate over the years[8]. Given the high 
incidence of PCOS, any link to cancer would be crucial from 
the standpoint of public health. Identifying the component 
that significantly increases the risk of developing cancer is 
extremely challenging due to the multifactorial nature of 
the syndrome, along with its heterogeneous presentation[9]. 
In more developed countries, endometrial cancer is one of 
the most common reproductive cancers, but it is ranked as 
the second most common in less developed countries[10]. 
Stein and Leventhal initially described PCOS in 1935, but 
the first study of PCOS and the risk of endometrial cancer 
was only published after 14  years later[11,12]. Although 
the direct association of PCOS with breast cancer and 
ovarian cancer has yet to be established, the incidence of 
these cancers in PCOS patients has been observed over 
the years in several studies[13-15]. Androgens are believed 
to be involved in the pathogenesis of ovarian cancer in 
PCOS patients, while the level of estrogen is related to the 
progression of endometrial cancer[16-18]. One of the key 
drugs used in PCOS management is oral contraceptives. 
Studies have suggested that oral contraceptives interfere 
with cancer-associated regulations and reduce the risk of 
developing cancer in PCOS women[19,20]. The association of 
breast cancer with PCOS is unclear, but incessant research 
efforts have been made to find a strong link between 
them. Although the effects of androgen on breast cancer 
development in PCOS have not been fully understood, 
studies have shown evidence of the role of estrogen in 
breast cancer development[21-23]. Several studies are also 
underway to identify the genes responsible for cancer 
pathogenesis in PCOS[24,25].

We reviewed the current state of knowledge in a 
comprehensive manner, specifically the overall potential 
of hazardous cancers that could occur in patients with 
PCOS, along with the underlying factors and mechanism. 
The information provided in this article would help 
create awareness among the younger generation, thus 
ameliorating these problems. Early detection and proper 
treatment can lessen the burden of clinical symptoms and 
concomitant psychological anguish, thus reducing the 
risk of developing cancer and the effect on PCOS patients’ 

quality of life in terms of their health. This article might also 
aid in the efforts of identifying novel therapeutic targets to 
counteract shared dysregulation in PCOS and cancer.

2. Pathophysiology of PCOS
PCOS is a multifaceted syndrome and its complex 
pathophysiology is yet to be fully understood. The two most 
notable phenotypes of PCOS are hyperandrogenism and 
ovarian dysfunction. Increased blood levels of free (unbound) 
testosterone, a crucial hormone involved in the pathogenesis 
of PCOS, are indicative of hyperandrogenism[26-28]. Figure 1 
illustrates the pathophysiology of PCOS.

Androgens, including dehydroepiandrosterone, 
dehydroepiandrosterone sulfate, testosterone, 
dihydrotestosterone, and androstenedione, are found 
in serum in decreasing order of concentration[29,30]. 
The hypothalamic-pituitary-ovarian axis is thought to 
be imbalanced in PCOS as a result of neuroendocrine 
dysregulation. This leads to increased frequency of 
gonadotropin-releasing hormone pulses. The increase 
in frequency of GnRH pulses promotes luteinizing 
hormone (LH) rather than follicle-stimulating hormone 
(FSH) production, leading to an increase in LH:  FSH 
ratio in PCOS, which causes hyperandrogenism[31,32]. The 
anti-Müllerian hormone (AMH) produced by ovarian 
granulosa cells is a regulatory factor of GnRH release. 
In PCOS patients, high AMH stimulates LH production 
through AMH receptor on the hypothalamus and pituitary, 
increasing the secretion of androgen by ovarian theca cells. 
At the same time, high AMH suppresses FSH receptor and 
aromatase production in granulosa cells; a low level of FSH 
prevents testosterone from being converted to estrogen, 
thus resulting in androgen excess. Elevated testosterone, 
in turn, promotes the direct and indirect release of AMH 
from granulosa cells[33,34].

In PCOS, there are disruptions in the interactions 
and coordination between LH, FSH, insulin-like growth 
factor 1 (IGF-1), AMH, androgen conversion enzymes, 
and additional variables, resulting in arrested ovarian 
follicular development. Ovarian hyperandrogenism, 
hyperinsulinemia from insulin resistance, and intra-ovarian 
paracrine signaling are all factors in PCOS that disrupt 
follicle growth. The reduced FSH level inhibits ovarian 
follicular development, which may cause amenorrhea, 
anovulation, and polycystic morphology[33,35-36].

Although insulin receptor gene alterations are 
uncommon, hyperinsulinemia, and insulin resistance are 
two prominent clinical conditions of PCOS in women. 
Insulin resistance, a disordered physiological state caused 
by impaired glucose transport and utilization, is a result 
of the biological effects of insulin being reduced when it is 
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present at high amounts[35,37]. Insulin resistance is higher 
in peripheral tissues, particularly in skeletal muscles. 
Burghen et al., who noted that hyperinsulinemia is related 
to insulin resistance, made the initial argument that 
insulin plays a role in ovarian function in women with 
hyperandrogenemia[38,39]. In particular, it has been shown 
that insulin secreted from pancreatic beta cells acts directly 
through its own receptor at physiological concentrations 
on cultivated polycystic ovary theca cells and stimulates 
androgen production, which is noticeably higher than 
in ovarian theca cells from normal women. Importantly, 
insulin can work in synergy with LH to boost androgen 
biosynthesis, while increasing androstenedione production 
on its own[38,40,41].

Hirsutism, acne, and androgenic alopecia are clinical 
signs and symptoms of hyperandrogenism caused 
by hyperinsulinemia[42]. The majority of women with 
PCOS, in fact, have insulin resistance and compensatory 
hyperinsulinemia, which is partially attributed to an 
innate insulin resistance mechanism, especially in those 
who are overweight or obese, or have diabetes[8,43,44]. In 
PCOS women, the hypersecretion of adrenocorticotropic 
hormone causes the overproduction of androgens from the 
adrenal glands[45].

Hyperandrogenism is mainly manifested by free or 
unbound testosterone in the blood. Only 1–2% of the 

testosterone in the blood is unbound, while the remaining 
98% is predominantly bound to sex hormone-binding 
globulin (SHBG). Growing levels of testosterone are 
considered a characteristic of puberty in teenage females. 
PCOS may develop if this condition worsens and there is an 
overproduction of testosterone[46,47]. In addition to directly 
increasing ovarian androgen production, hyperinsulinemia 
also increases the fraction of free testosterone in PCOS by 
lowering the synthesis of liver SHBG[48]. Hence, low serum 
SHBG level in PCOS patients leads to hyperandrogenism.

The production of a large amount of ROS can be 
considered a contributing factor in the pathophysiology 
of PCOS. The imbalance between free radicals and 
antioxidants in the body occurs from the overproduction 
of ROS, leading to oxidative stress[45]. Oxidative stress 
is more frequent in obese PCOS patients who develop 
early insulin resistance[49]. The vast amount of ROS causes 
increased production of pro-inflammatory cytokines[50]. 
The pro-inflammatory cytokines that are produced inside 
the endometrium can easily hinder the mechanism of 
action of insulin in PCOS, resulting in insulin resistance 
and eventually causing hyperandrogenism[51,52].

The detailed mechanism of the entire process of 
oxidative stress causing inflammation and eventually 
leading to hyperandrogenism is still under investigation, 
with several pathways and factors considered to be potential 

Figure  1. Pathophysiology of PCOS. Hyperandrogenism and ovarian dysfunction are the main phenotypes of PCOS. Neuroendocrine dysregulation 
disrupts the balance of the hypothalamic-pituitary-ovarian axis, resulting in an increase in frequency of GnRH release. The increased GnRH pulse frequency 
causes an elevated LH: FSH ratio, leading to hyperandrogenism. Several factors such as elevated AMH level, insulin resistance, hyperinsulinemia, low 
SHBG level, and increased ROS generation contribute to hyperandrogenism in PCOS. Clinical features of hyperandrogenism include hirsutism, acne, and 
androgenic alopecia, while decreased FSH level causes amenorrhea, anovulation, and polycystic morphology. Low progesterone, along with unopposed 
estrogen, leads to endometrial hyperplasia.
AMH: Anti-Müllerian hormone; DHEAS: Dehydroepiandrosterone sulfate; FSHR: Follicle-stimulating hormone receptor; GnRH: Gonadotropin-
releasing hormone; LH: Luteinizing hormone; NF-κB: Nuclear factor kappa B; PCOS: Polycystic ovary syndrome; ROS: Reactive oxygen species; 
SHBG: Sex hormone-binding globulin.
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areas of study[49,53]. Among the factors, nuclear factor-κB 
(NF-κB) is a potential effector of inflammation induced by 
hyperandrogenism. The expression of NF-κB is enhanced 
through increased level of phosphorylation that induces 
ROS production and inflammatory responses[36,49,54].

3. Polycystic ovary syndrome and cancer
PCOS is an intrinsic endocrine and metabolic condition 
that seriously affects menstrual and reproductive 
functions, causing detrimental effects on a woman’s health 
throughout her lifetime. Although PCOS has been linked 
to hyperandrogenism, genetic, and epigenetic factors, the 
exact cause of PCOS remains unknown[55,56]. Between 6% 
and 20% of premenopausal women have PCOS, possibly 
making it the most prevalent endocrine and metabolic 
condition among women of reproductive age[57-59]. The 
risk of cancer among PCOS-affected women has been a 
debatable topic over the years[8]. There remains, however, 
absence of adequate conclusive research linking PCOS 
to the risk of various cancers due to uncertainties in 
its etiopathology, dubious diagnostic standards, and 
the complex endocrine and metabolic dysfunctions[60]. 
PCOS is conjectured to be linked to various types of 
reproductive cancers, including endometrial cancer, 
ovarian cancer, breast cancer, uterine cancer, and others. 
One of the primary clinical signs of PCOS, chronic 
oligo-  or anovulation, induced by continuous estrogen 
exposure without counteracting progesterone, was linked 
to endometrial cancer in initial reports of the relationship 
between PCOS and cancer[61,62].

3.1. Risk and underlying factors of developing 
reproductive cancer in polycystic ovary syndrome

3.1.1. Endometrial cancer

Endometrial cancer predominantly affects 2–3% of 
postmenopausal women and is the most prevalent female 
genital tract malignancy worldwide[63,64]. According to studies, 
women with PCOS may have a higher chance of developing 
endometrial cancer than those without the condition[65]. 
Women with PCOS have multiple endometrial cancer risk 
factors and their risk for developing endometrial cancer 
may be higher[66]. Prolonged and unchallenged exposure 
of estrogen to the endometrium of PCOS patients, low 
progesterone, obesity, hyperinsulinemia, insulin resistance, 
IGF, diabetes, nulliparity, cyclin D1, and glutathione 
S-transferase constitute the clinical, metabolic, and molecular 
risk factors for endometrial cancer development[66-68].

Six studies have looked into the link between PCOS 
and endometrial cancer without taking body mass index 
(BMI) into consideration (Table  1). In a registry-based 
cohort study of 12,070 women with PCOS, Gottschau 

et al. observed that these patients had 4  times increased 
risk of endometrial cancer, with a standardized incidence 
ratio (SIR) of 3.9 (95% confidence index [CI] = 2.2 – 6.3)
[69]. Nearly one-third of these women were between the 
ages of 15 and 24 at the time of their first admission or 
visit for PCOS, and about 50% were between the ages of 25 
and 34[69]. In another population-based, retrospective, and 
cohort study, a higher mean adjusted hazard ratio (HR) of 
uterine cancer was found in PCOS patients[70]. A  report 
by Haoula et al. concluded that endometrial cancer is 
3  times more likely to develop in patients with PCOS in 
comparison with women without it[71]. A meta-analysis has 
reported increased risk of endometrial cancer in PCOS 
patients, with an odds ratio (OR) of 2.79 at CI = 1.31 – 5.95 
(P < 0.008)[61]. The risk estimate increased when women 
aged <54 were excluded from the study[61]. A case–control 
study by Fearnley et al. showed a link between PCOS and an 
increased risk of endometrial cancer in women under the 
age of 50[72]. Pillay et al. also observed a higher prevalence 
of PCOS in endometrial cancer patients aged below 50[67].

3.1.2. Ovarian cancer

Ovarian cancer is the seventh most common type of 
neoplasm in women worldwide[73]. Around 239,000 new 
cases and 152,000 fatalities worldwide are reported each 
year, with Eastern and Central Europe having the highest 
incidence[60]. It has been proposed that PCOS increases the 
risk of ovarian cancer by increasing androgen exposure[74].

Cancer risk and infertility have been linked, albeit 
the debatable association with ovarian cancer. The most 
common reasons of infertility in female are hormonal 
conditions that interfere with ovulation, including PCOS. 
Ovarian cancer has been linked to a number of endocrine 
and reproductive changes. As a result, nulliparity, early 
menarche, and a later onset of menopause have all been 
linked to an increased risk of ovarian cancer[75-78]. Four 
studies have explicitly looked at the relationship between 
PCOS and ovarian cancer[61,69,70,79]. However, most these 
studies have presented mainly negative results although 
one recent meta-analysis of three studies did imply an 
elevated risk (OR = 1.4; 95% CI = 0.9 – 2.2)[61]. According 
to a Danish registry-based study, women with PCOS had a 
non-significantly higher risk of developing ovarian cancer 
than the general Danish female population (SIR = 1.8; 95% 
CI = 0.8 – 3.2); however, the study was constrained by its 
small sample size (10 ovarian cases)[69]. No correlation 
was found between PCOS and ovarian cancer in a recent 
Taiwanese investigation with only 11 occurrences of the 
disease (HR = 1.0; 95% CI = 0.2 – 4.6)[70]. Following a 
retrospective cohort study of women with PCOS, Brinton 
et al. found that patients with secondary infertility had a 
higher risk of developing ovarian cancer than those with 
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primary infertility (RR = 0.42; 95% CI = 0.10 – 1.75)[79]. 
In-depth research is required to ascertain if PCOS is related 
to ovarian cancer.

3.1.3. Breast cancer

Data from several organizations have shown that breast 
cancer is the most common cancer in women[80]. According 
to statistics from 2018, 627,000 women died from breast 
cancer, accounting for 15% of all cancer fatalities in women. 
Although breast cancer rates are greater in more developed 
areas, they are rising practically in every area of the world[61]. 
There is a theory that the dysregulated genes observed 
in PCOS patients and the genes linked to breast cancer 
overlap. Three such potential genes, discovered by Xu et al., 
include alpha polypeptide, platelet-derived growth factor 
receptor, and hydroxysteroid (17-beta) dehydrogenase[81].

However, there have been studies done that did not find 
any connection between PCOS patients and a higher risk 
of breast cancer[82]. With 59 breast cancer cases observed 
and 56 expected, a recent Danish registry-based study has 
found no association between PCOS and breast cancer 
risk, with an SIR of 1.1 (95% CI = 0.8 – 1.4)[69]. Similarly, 
a retrospective and cohort study in Taiwan has also 
found no association between PCOS and breast cancer 
risk (HR  =  1.6, 95% CI = 0.9 – 2.8)[70]. According to a 

meta-analysis, no increased risk was seen in women with 
PCOS (OR = 1.0; 95% CI = 0.6 – 1.4)[61]. When compared 
to women who had not been treated for infertility, women 
with ovulatory problems had a considerably lower risk of 
breast cancer (RR = 0.8; 95% CI = 0.6 – 1.0)[83]. In a study 
conducted by Brinton et al., the patients with PCOS did 
not appear to have an increased risk of breast cancer 
(RR = 0.81; 95% CI = 0.53 – 1.25)[79].

3.2. Risk and underlying factors of developing non-
reproductive cancer in polycystic ovary syndrome

PCOS patients have direct and indirect risks of developing 
cancers in their later life. If left untreated, the risk 
of developing atypical endometrial hyperplasia and 
carcinoma is high due to irregular menstruation with 
protracted exposure to unobstructed estrogen[84]. These 
risks are significantly higher among women with obesity or 
who are overweight. Only a few studies on the association 
of PCOS with non-reproductive cancers are available 
(Table 2). A registry-based cohort study by Gottschau et al. 
reported elevated risk of colon, kidney, and brain cancers, 
with SIR of 2.1, 3.9, and 2.2, respectively (95% CI = 1.1 – 3.8, 
1.4 – 8.4, and 1.3 – 3.5, respectively), among PCOS patients 
but no significant risk of other types of cancers, such as 
lung cancer, melanoma, and other types of skin cancers[69].

Table 1. Prevalence of reproductive cancer in polycystic ovary syndrome patients

Type of study Location Total 
participants

Cancer type 
(reproductive)

Number of 
cancer patients

Adjusted HR/RR/SIR/
OR (95% CI value)

References

Cohort Denmark 12,070 Endometrium 16 3.9 (2.2 – 6.3) [69]

Ovarian 10 1.8 (0.8 – 3.2)

Breast 59 1.1 (0.8 – 1.4)

Cervix uteri 14 0.8 (0.5 – 1.4)

Registry‑based 
cohort

Taiwan 3,566 Ovarian 2 0.997 (0.214 – 4.636) [70]

Breast 14 1.976 (1.035 – 3.722)

Uterine 15 8.420 (1.615 – 43.888)

Meta‑analysis USA
Japan
Australia
Europe

919 Endometrium 5 2.79 (1.31 – 5.95) [61]

Ovarian 3 1.41 (0.93 – 2.15)

Breast 3 0.95 (0.64 – 1.39)

Meta‑analysis United 
Kingdom

938 (cancer 
patients)

Endometrium 938 2.9 (1.5 – 5.5) [71]

Retrospective 
cohort

USA 2,560 Uterine corpus 5 1.28 (0.49 – 3.35) [79]

Ovarian 2 0.42 (0.10 – 1.75)

Breast 23 0.81 (0.53 – 1.25)

Case‑control Australia 1,399 Endometrium 156 3.64 (1.76 – 7.52) [72]

Cross‑sectional United 
Kingdom

128 Endometrium 11 1.0 (0.4 – 2.7) [67]

Cohort USA 116,671 Breast 2267 0.8 (0.6 – 1.0) [83]

HR: Hazard ratio; OR: Odds ratio; RR: Relative risk; SIR: Standardized incidence ratio
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4. Mechanism of cancer progression in 
polycystic ovary syndrome
Many reports exploring PCOS and the risk of cancer 
have been published. Hyperinsulinemia, high estrogen 
level, and chronic inflammation are some of the factors 
associated with normal PCOS progression[35,37], and there 
is an evidence that these chronic conditions may be 
contributing factors to oncogenesis and cancer progression 
in PCOS[85,86]. Hyperinsulinemia directly initiates and 
regulates the initiation of cancer development, while 
inflammation affects various pro-tumorigenic pathways 
that ultimately lead to angiogenesis and carcinogenesis, 
thus promoting cancer cell development in certain 
sites[87,88]. Recent evidence has suggested that the effect of 
sympathetic hyperactivity is also a risk factor for cancer 
progression in PCOS women. Sympathetic hyperactivity 
leads to the secretion of norepinephrine, in which increased 
norepinephrine acts as a biochemical switch for tumor 
angiogenesis[85,89-91]. Besides that, low progesterone level is 
directly associated with the development of endometrial 
cancer, and many studies have supported that low 
progesterone level is an indication of hyperandrogenism, 
thus providing a link between the two[92,93] (Figure 2).

A recent study has identified several PCOS-related 
genes (PRGs), based on literature review and genomics 
analysis, that showed significant genomic alterations in 
endometrial, ovarian, and breast cancers[94]. Interestingly, 
these PRGs included several cancer driver genes, such as 
PTEN, ESR1, and TP53 in case of endometrial cancer, PTEN 
and TP53 for ovarian cancer, and ERBB2, NCOR1, ESR1, 
TP53, PTEN, and AKR1C3 for breast cancer[94]. Among 
these identified genes, the tumor suppressor gene PTEN 
showed the highest number of mutations in endometrial 
cancer[94]. Therefore, it is presumable that mutations in the 
cancer driver genes that are included in PRGs might drive 
PCOS patients toward cancer progression (Figure 2).

Based on clinical behavior and morphological feature, 
endometrial cancer can be generically divided into 
two distinct categories: Type  I endometrial carcinoma, 
which is an estrogen-related malignancy with a favorable 
prognosis; and Type  II endometrial carcinoma, which is 
not related to estrogen and carries a poor prognosis[95]. 
Studies have found increased endometrial expression of 
insulin signaling-related genes, such as IGF1, IGFBP1, and 
PTEN, both in PCOS and endometrial cancer patients[86,94]. 
PTEN, KRAS, CTNNB1, and PIK3CA mutations are 

Table 2. Prevalence of non‑reproductive cancer in polycystic ovary syndrome patients

Type of 
study

Location Total 
participant

Cancer type 
(non‑reproductive)

Number of 
cancer patients

Adjusted HR/RR/SIR/
OR (95% CI value)

References

Cohort Denmark 12,070 Lung 9 1.1 (0.5 – 2.0) [69]

Colon 11 2.1 (1.1 – 3.8)

Thyroid 8 1.5 (0.7 – 3.0)

Kidney 6 3.9 (1.4 – 8.4)

Brain 18 2.2 (1.3 – 3.5)

Melanoma 22 0.9 (0.5 – 1.3)

Retrospective 
cohort

USA 2,560 Melanoma 5 1.17 (0.45 – 3.02) [79]

Thyroid 5 2.68 (1.24 – 10.63)

Lymphatic 5 1.99 (0.64 – 4.64)

HR: Hazard ratio; OR: Odds ratio; RR: Relative risk; SIR: Standardized incidence ratio

Figure 2. Proposed mechanism of cancer progression in polycystic ovary syndrome (PCOS). Chronic conditions such as hyperinsulinemia, high estrogen 
level, sympathetic hyperactivity, low progesterone level, hyperandrogenism, and chronic inflammation in PCOS might be the contributing factors to cancer 
progression. The chronic condition in PCOS might cause significant genomic alterations in the cancer driver genes that are included in PCOS-related 
genes, such as PTEN, TP53, IGF1, IGFBP1, HSD17B4, PDGFRA, and more, thus raising the possibility of developing cancer.
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some of the common genetic mutations associated with 
Type  I endometrial carcinoma[96]. These observations are 
indicative of how patients with PCOS might be more prone 
to developing endometrial cancer.

Elevated androgen level is positively correlated with the 
development of both PCOS and breast cancer[81]. Xu et al. 
identified 53 potent key genes that contribute to the onset 
of PCOS[81]. Among these genes, HMGB2, PDGFRA, and 
HSD17B4 are involved in the development of male sexual 
characteristics. Xu et al. suggested that PCOS patients with 
downregulated HSD17B4 and upregulated PDGFRA may 
have more risk of developing breast cancer[81].

Ovarian cancer and PCOS are strongly associated; 
however, the underlying molecular mechanism remains 
largely unknown[97]. Ovarian cancer can be divided into two 
separate categories based on clinical behavior and molecular 
genetic abnormalities[98]. Low-grade endometriosis, 
borderline serous tumors, low-grade serous carcinomas, 
mucinous, and clear cell carcinomas are examples of Type I 
tumors, while examples of Type II ovarian cancer include 
undifferentiated tumors, carcinosarcomas, and high-grade 
serous carcinomas. High levels of genomic instability are 
present in Type  II tumors. TP53 is a PCOS-related gene 
that is highly mutated in high-grade serous carcinoma[94]. 
However, ovarian cancer, as observed in a mouse model, 
was not triggered by TP53 mutation alone but, rather, was 
cooperatively associated with PTEN loss[99].

5. Conclusion
PCOS is becoming a growing public health concern 
globally because of its high incidence. Although there is 
a growing body of evidence indicating the inclination of 
PCOS patients to develop cancer due to shared metabolic 
and endocrine abnormalities, the overall association 
remains dubious. In our review, we extensively explored the 
association of PCOS with various types of cancers, along 
with the potential risk factors and molecular mechanism. 
We found that PCOS patients are more susceptible to 
developing endometrial cancer than other reproductive 
cancers, but there is contradictory evidence linking PCOS 
to either ovarian cancer or breast cancer. Due to the lack 
of studies, it is difficult to draw a strong link between 
PCOS and non-reproductive cancers. Disrupted hormonal 
balance, hyperinsulinemia, unchallenged high estrogen 
level, chronic inflammation, sympathetic hyperactivity, 
hyperandrogenism, and low progesterone level are all 
associated with normal PCOS progression and can also 
contribute to oncogenesis and cancer progression in 
PCOS. PRGs have shown significant genomic alterations 
in endometrial cancer, ovarian cancer, and breast cancer. 
These PRGs include several cancer driver genes, thereby 
indicating that mutations in the cancer driver genes that are 

included in the PRGs might drive PCOS patients toward 
cancer progression. Ethnically diverse and larger clinical 
trials along with molecular and bioinformatics approaches 
in an integrated manner are required to fully understand 
the association of PCOS with cancer.
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Abstract
The main objective of the proposed work is to develop an automated computer-
aided detection (CAD) system to classify lung nodules using various classifiers 
from computed tomography (CT) images. One of the most important steps in lung 
nodule detection is the classification of nodule and non-nodule patterns in CT. The 
early detection of the condition helps lower the mortality rate. The developed CAD 
systems consist of segmentation, feature extraction, and classification. In this work, 
a filter method is used to segment the infected region. Later, we extracted features 
through and fed into classifiers such as Decision Stump (DS), Random Forest (RF), 
and Back Propagation Neural Network (BPNN). The experimentation was conducted 
on LIDC-IDRI dataset, and the results with BPNN outperformed those with DS and RF 
classifiers.

Keywords: Decision stump; Random forest; AdaBoost-Decision stump; AdaBoost-
Random forest; Back propagation neural network

1. Introduction
The second most frequent cancer in both men and women is thought to be lung cancer. 
It is the main factor in cancer-related fatalities. According to the most recent estimates, 
there are around 7.6 million cancer-related deaths globally each year, according to the 
most recent numbers supplied by the World Health Organization[1]. Furthermore, it is 
anticipated that the number of deaths from lung cancer would keep increasing, reaching 
almost 17 million in 2030. Successful treatment of lung cancer depends greatly on early 
detection. Significant data suggest that early identification of lung cancer will reduce 
mortality rates[2]. Lung cancer in an early stage manifests itself as a pulmonary nodule, 
which grows rapidly and later becomes a tumor. The characteristics of pulmonary 
nodules are based on calcification, internal structure, sphericity, speculation, subtlety, 
and texture. Nodules usually appear smaller in medical images. Hence, detection of 
pulmonary nodule is one of the most challenging tasks[3].

Various imaging techniques, including radiography, computed tomography 
(CT), magnetic resonance imaging (MRI), and positron emission tomography-CT 
(PET-CT), among others, can be used to detect pulmonary nodules. Radiologists 
face a challenging problem when trying to find lung nodules on radiographs, because 
nodules present behind the rib cages are hidden and the miss rate could increase up 
to 30%[4,5]. MRI and PET-CT techniques are more expensive and time-consuming. The 
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CT imaging is less expensive and produces a variety of 
cross-sectional images of complete chest within a single 
breath hold. For the analysis and early detection of lung 
nodules, it is now regarded as the best imaging technique. 
Majority of the pulmonary nodules are benign; however, 
a small populace of them grow to be malignant. The 
radiologists examine the CT scan to conclude whether a 
nodule presents a chance for malignancy. The radiologist 
finds it challenging and time-consuming to detect some 
nodules in the CT because of non-pathological features[6]. 
To get around this, radiologists opt for a computer-
assisted approach as a backup method to validate their 
interpretation. Computer-based processes like computer-
aided detection (CAD) act as the radiologist’s “second pair 
of eyes” to analyze medical pictures for any problematic 
regions. CAD is a topical technique designed to improve 
the radiologists’ ability to find even the smallest lung 
nodules at their earliest stages.

The main objective of CAD is to improve disease 
identification by lowering the false negative (FN) rate 
brought on by observational omission. CAD was created 
with the purpose of improving systematic clinical decision-
making and the performance of detection in medical 
imaging modalities. The aim of this paper is to focus on the 
architecture of different stages of CAD design with fruitful 
results to assist the radiologists in detecting lung nodule at 
early stage.

2. Literature survey
In the field of lung cancer and in relation to the work 
of this study, there are a number of existing models and 
algorithms. The stages of CAD systems can be used to 
categorize the existing work.

Various techniques, such as region growing[7,8], watershed 
segmentation[9], fuzzy logic, active contours, intensity-based 
thresholding, graph search algorithm[10], etc., were used for 
region of interest (ROI) image segmentation Segmentation 
is an essential step in nodule detection. The survey in 
various existing segmentation techniques for lung nodule 
is discussed in detail. Dai et al.[11] developed a segmentation 
algorithm known as segmentation by registration. The 
authors compared their work with algorithms such as 
automatic region growing, interactive region growing and 
voxel classification. Daneshmand et al.[12] demonstrated a 
precise technique designed for toning lung nodules in chest 
CT scans. The region growing, optimal thresholding and 
optimal cube registration were used in this system Dawoud 
et al.[13] proposed an adaptive border marching which is a 
geometric-based algorithm used for segmenting the lung. 
De Nunzio et al.[14] performed phantom experiment for CT 
image. The density of the nodule and its size was measured 

using the point spread function. Deep et al.[15] presented 
an algorithm for segmenting different nodule types such 
as juxtravascular, pleura tail, juxtapleural, solid, and non-
solid nodules.

Segmentation technique such as region growing and 
some hybrid fuzzy connectivity models was implemented. 
Another segmentation scheme proposed by Dehmeshki 
et al.[16] used two different datasets taken from the LIDC 
database. Two different techniques such as dynamic 
programming model and multidirection fusion techniques 
are used to know the information, relationship between 
adjacent slices and to reduce segmentation error. 
Dehmeshki et al.[17] utilized a three-step procedure to find 
lung nodules. Initially, lung regions are segmented using 
an adaptive threshold algorithm. Second, lung vessel was 
removed using active contour model (ACM) and finally, 
the suspicious nodules were located using a Hessian 
matrix (selected shape filter). Delogu et al.[18] developed 
a fully automated segmentation method for detecting 
the pulmonary nodule. The authors used region growing 
approach for a set of 130 CT images. Only 84 images 
produced satisfactory result. Dheepak et al.[19] proposed 
a methodology for segmentation of juxtapleural lung 
nodules. The authors used two techniques for detecting 
the nodules from the lung. They are region growing and 
shape curvature-based techniques. Doi et al.[20] developed 
a method for segmenting the lung with the help of CT data. 
The method was fully automatic and was composed of two 
steps. They are robust active shape model (RASM) and 
optimal surface finding method. Dolejsi et al.[21] proposed 
a CAD to reduce the lung volume and juxtapleural nodule 
from thoracic CT images. For segmenting the lung 
volume and nodule in juxtapleural, region growing and a 
3D-mass-spring mdel (MSM) was used. Elizabeth et al.[22] 
proposed a region-based ACM based on local divergence 
energies. This model was designed for blurred boundary 
and noisy images. The author used regularization function 
to smoothen the boundary from different noise level. 
The system performance was evaluated with Chan-Vese’s 
(CV) model, region scalable fitting and local Gaussian 
fitting. Enquobahrie et al.[23] developed an edge detection 
model, which precisely diffuses the edge space. Farag 
et al.[24] proposed a newly developed nodule segmentation 
algorithm which was stable, accurate, and automated. Farag 
et al.[25] developed a segmentation model to segment the 
juxtavascular and ground glass (GG) nodules. The authors 
proposed parametric mixture model for juxtavascular 
nodules and ACM for detecting leakage boundary.

A nonlinear level set method proposed by Farag 
et al.[26] used adaptive velocity function and edge stopping 
function to employ a noise-free segmentation model. 
Gambhir et al.[27] focused on segmenting the lung nodule 
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with lesser number of false positive (FP) findings. Garro 
et al.[28] proposed a method to segment the juxtapleural 
nodule and lung vessels from the CT image. Golosio 
et al.[29] segmented the pleural and vessels in lung CT. 
Gomathi et al.[30] developed a segmentation method to 
improve nodule detection accuracy. The authors mainly 
focused on juxtapleural nodule for image segmentation. 
A  parameter-free algorithm such as bidirectional chain 
coding method was used to smoothen the lung border. 
Gomathi et al.[31] presented a segmentation algorithm to 
produce efficient and accurate result. An improved graph 
that cuts algorithm along with Gaussian mixture models 
(GMMs) was proposed to segment the lung nodule. Gon 
alves et al.[32] developed a hybrid segmentation technique 
which combined the fully automatic and semi-automatic 
global segmentation technique. Gould et al.[33] formulated 
central medialness adaptive principle, a Hessian-based 
strategy, to segment the lung nodule in CT images. Multi-
resolution contour let transform Grigorescu et al.[34] can 
also be used to extract the features. These features are used 
for further processing in the classification, which is the final 
stage of the CAD system. Gu et al.[35] proposed a technique 
to detect the nodule using template-based model. The 
minimum and maximum Hounsfield density (HU) was 
obtained from the intensity of nodule data. Shape-based 
or shape-texture-based methods resulted in an overall 
detection process with the lowest accuracy. The existing 

segmentation techniques produced low accuracy, high 
error rate, reduced similarity coefficient, long computation 
time, etc. Medical image segmentation is difficult due to 
complexity and diversity of anatomical structures on one 
hand and particular properties such as noise and low 
contrast (non-solid nodules), on the other hand.

Gudise et al.[36] comparative study is made on the 
computational requirements of the PSO and BP as training 
algorithms for neural networks. Hua et al.[37] presents 
an automatic algorithm for pathological lung CT image 
segmentation that uses a graph search driven by a cost 
function combining the intensity, gradient, boundary 
smoothness, and the rib information. Jacobs et al.[38], a CAD 
system that combines the output of two prototype CAD 
systems aimed at detection of ground glass nodules and 
solid nodules, respectively, could lead to efficient detection 
of the entire spectrum of lung nodules in chest CT scans.

Shen et al.[39] proposes a parameter-free lung segmentation 
algorithm with the aim of improving lung nodule detection 
accuracy, focusing on juxtapleural nodules. A bidirectional 
chain coding method combined with a support vector 
machine (SVM) classifier is used to selectively smooth 
the lung border while minimizing the over-segmentation 
of adjacent regions. Shen et al.[40] proposed a robust 
segmentation technique based on an extension to the 
traditional fuzzy c-means (FCM) clustering algorithm.

CT scan image Clinical data

Image pre-processing

Lung’s less
segmented image

Tumor identification
and signification

Segmented tumor
objective

Feature extraction

Image feature data

Pre-objective
model

Classification result

Figure  1. General workflow of the process of developing and using 
predictive models.

Input lung CT image
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Segment selection region

Filtered image (SMF)

Suspicious area

Image features Pixel intensity values

Training of neural network

Results

Figure 2. Pre-processing selective median filter.
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Shi et al.[41] presents the Optimized Kalman Particle 
Swarm (OKPS) filter. This filter results from two years of 
research and improves the Swarm Particle Filter (SPF). 
Shih-Chung et al.[42] presented to predict long term 
survival versus short term survival. Forty adenocarcinoma 
diagnostic lung computed tomography (CT) scans 
from Moffitt Cancer Center were analyzed for survival 
prediction. A decision tree classifier was able to predict the 
survival group with an accuracy of 77.5%.

Yuan[43] proposed model can handle blurry boundaries 
and noise problems. In addition, the regularity of the 
level set function is intrinsically preserved by the level set 
regularization term to ensure accurate computation. Zhou 
S et al.[44] proposed a fast and fully automatic scheme based 
on iterative weighted averaging and adaptive curvature 
threshold is proposed in this study to facilitate accurate 
lung segmentation for inclusion of juxtapleural nodules 
and pulmonary vessels and ensure the smoothness of the 
lung boundary.

In this work, we proposed efficient method for 
segmentation and classification of lung nodules.

3. Geometric features
Geometric features are considered the first set of features. 
The vital structural information of tumor can be easily 
analyzed with the 2D and 3D geometric features. The 
evaluation of the geometric features is very useful in 
quantifying and analyzing the biomedical images like CT 
scans (2D, 3D)[45].

Image object is formed by the numerous pixels and is 
rescaled using unit information. The one unit is the area of 
the single pixel, which denotes that the number of pixels 
forming the image is the area of the image. If we have the 
unit information of the image data provided, then the 
area of the whole image is equal to the product of the area 
covered by one pixel and the number of pixels unit in the 
image object. In this chapter, a fully automatic method is 
described by the authors to detect the cancer in the lungs. 
This method comprises three sequential steps. The first 
step is to implement the gray level thresholding method 
to separate lung region from the image. The second step 
is the detection of the anterior and posterior junctions 
to separate the left lung and right lung region. The final 
step is the smoothening on the boundary of lung along 
the mediastinum. There are some differences between our 
proposed and the previous works.

The authors demonstrated that an automated texture 
mapping methods. The proposed work is experimental 
in nature: we propose an efficient technique to discover 
the gray scale qualities of an HRCT dataset with the 
co-training paradigm. We utilize an effective technique to 
enhance classifiers that are prepared with not very many 
posterior and anterior intersection lines between the 
marked illustrations utilizing a huge pool of concealed 
right and left lungs.

Finally, to get more cases, there are two or more disjoint 
functions called views. Processing time and stable results 
even leaving the lung. It has also been shown that the 
structures named by experts are smooth with the lung and 
can be connected stepwise within the frame with irregular 
boundaries along the mediastinal pathway (Kawane et al.[46]). 
The outcomes are likewise analyzed against “density mask,” 
as of now a standard approach utilized for emphysema 
recognition in medicinal picture analysis and other automated 
procedures utilized for arrangement of emphysema in the 
literature. The new framework can group diffuse districts of 
emphysema beginning from a bullous setting.

The classifiers worked at various iterations additionally 
seem to demonstrate an intriguing relationship with 

Figure 3. Layer-based region segmentation.

Figure 4. (A) Image after growing, (B) thresholding, and (C) segmented 
nodule.

CBA
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various levels of emphysema, which merits more 
investigation[47]. The authors suggested using form features 
to distinguish between obstructive lung infections, and the 
results showed increased classification sensitivity when 
compared to features based solely on texture. Be that as 
it may, their proposed framework is reliant on the region 
size, for example, 16 × 16, 32 × 32, and 64 × 64 pixels. 
Gathering region pictures from CT picture is not a simple 
errand particularly with settled size of area. To expand the 
proficiency while safeguarding the high sensitivity, another 
component is wanted[48]. In this paper, a novel feature 
known as continuous local histogram (CLH) is presented. 
CLH coordinates three fundamental sorts of features, 
which are brightness, texture feature, and shape feature, to 
build the separation.

4. Proposed method
The proposed method is the new dynamic multi-level CAD 
framework to automatically identify the defects in the lung 
CT image. This work also employed the enhanced selective 
median filter (SMF) to increase the quality of the image 
with clear view and noise reduction. A new neural network 
multi-level classifier segmentation method was used on 
the quality-improved CT image to eliminate the suspicious 
region. The last process classification was done on the CT 
scan images using the new neural network-based multi-
level classifier with the extracted textural features as shown 
in Figure 1.

The intention of the extraction is to discover the tumor 
area on the lung area. In some tumor area with tissues 
and after the binarization, the tumor area would not be 
included in the lung area. The image morphology can be 
used to reduce image quality. This paper demonstrated 
an innovative multi-level boundary repair procedure to 
enhance the lung CT images using SMF for enhancing 
the image quality. The phases of the process are as follows: 
utilizing the less and more circumstances of erosion and 
expansion operation with respect to the real images. We 
can just utilize the less circumstances of erosion and 
operations to achieve the less time of testing.

5. Implementation steps
The initial process will always be the image processing 
routine of separation of lung from the other internal 
organs on the chest CT images and finding the area 
suspected for the presence of nodule. During first stage, 
the method extracts square areas of 32 × 32 with the 
suspicious part at the center. Since it is a multi-level 
region-based and pixel-based technique the inputs to 
the system are in the square. The pixel’s intensity values 
falling within the suspicious region that are separated and 

stored in a database will be used in training the system 
at the next stages. The training of a new neural network 
multi-level segmentation process is the second stage. 
It depends on the two types of input, namely, dynamic 
feature-based inputs and pixel-based inputs. In dynamic 
feature-based inputs, the first and second order dynamic 
features are taken into account. In pixel-based inputs, the 
pixel’s intensity values are used in detecting suspicious 
region. A SMF is used in pre-processing to enhance the 
quality of the image by enhancing the poor contrast 
due to noise and effect due to poor lightning conditions 
while capturing the image and glare. The generation of 
low-frequency image is done by placing the median pixel 
value in every pixel value location. The median value of 
the pixel is calculated on the square area of 8 × 8 pixels 
centered at the pixel location. The methods used for 
enhancing the contrast of the images are sharpening and 
histogram equalization as shown in Figure 2.

6. Lung region segmentation
Due to the active shape models’ availability in the 
database, lung masks were constructed using them. When 
segmenting the lung region in CT scans, the user can locate 
the scope by choosing the questionable locations.

For the purpose of selecting the suspicious zone, a 49 × 49 
square mask was created using nodules with a resolution of 96 
pixels per inch and a diameter of 13 mm. The image database 
contains nodules with sizes ranging from 8.9 mm to 29.1 mm, 
with an average of 17.4 mm. The lung nodule is considered to 
be between the size of 5mm and 20 mm, and it is detected at 
the initial stage. The input patterns for the classification stage 
come from the feature vector from the extraction procedure 
and the selection stage. The dataset on lung CT images 
were utilized in training the classifiers and for performance 
evaluation as shown in Figure 3. Basically, region growing is 
the conceptually better and the simplest approach for image 
processing. The segmented region is formed by combining 
the pixel units of same intensity values in this algorithm. 
A couple of quantized pixels of the same amplitude will be 
paired together to form a group called atomic region in the 
initial phase of the process. The process of combining the 
weak and combining boundaries between the regions is done 
in the second evaluation as shown in Figure 4.

Table 1. Geometrical features

Features Value

Area 2815

Perimeter 226.85

Diameter 59.686

Irregularity index 0.69
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6.1. Lung nodule segmentation

In region growing, the procedure called labeling is done to 
put the negative number representing the label of the region 
to which the pixel has a place. The labeling process keeps 
tracks of the record of pixels which are yet to be replaced 
by the labeling. With this reference list, the operation of 
insertion and removal will be carried out. Removal is done 
by eliminating the pixels from the front list, and insertion 
is by inserting the pixels at the end of the list.

7. Feature extraction
The diameter, area, irregularity index, and perimeters are 
some of the geometrical features that will be evaluated from 
the separated lung nodules. The number of pixels in the 
picture array with the value 1 will be used to determine the size 
of the segmented tumor image. The area is estimated using 
the established technique using bit quads, or 2-by-2pixel 
patterns. The quantity of boundary pixels provides an 
estimate of the tumor image’s perimeter. In terms of its 
morphology, the tumor has a circular form. The circulatory 
index will be calculated to identify the irregularity in the 
circular shape using the expression I = 4πA/p2, where A is 
the area of the tumor and P is the perimeter of the tumor in 
pixels. Table 2 shows the geometrical features for Figure 5. 
The important features used in the lung cancer classification 
are texture or contrast features.

The 1st  order statistic and 2nd  order statistic are the 
categories under which the contrast features are classified. 
The shorter processing time and lower minimum cost are 
the advantages in feature extraction using wavelet due to 
the solid depiction of the wavelet transform.

8. Classification of lung nodule
Classification is the process of determining whether the 
nodules belong to a specified class or not. In supervised 
classification, samples and anticipated classes are known 
before a classifier is trained on a set of data. It is evident 
that supervised classification-based methods consistently 
outperform other types of traditional classification methods[43]. 
Classification of nodule in the lung is accomplished using 

Table 2. Calculated SMF of the filtered images for all types 
of filters

Filter type Output SMF

Average filter 7.3133

Weighted average filter 4.2478

Gaussian filter 6.4443

Selective median filter 8.5816

Wavelet filter 8.8732

Wiener filter 13.3969

SMF: Selective median filter

Table 3. Performance metrics of solid feature for various inertia weights

Classifi ers Accuracy y Sensiti vity Specificit y PPV NPV F‑measu re G‑mean MC

DS 88 92 84 85.18 91.30 87.81 87.9 0.76

RF 88 92 84 85.18 91.30 87.81 87.9 0.76

Ada‑DS 86 92 80 82.14 90.9 85.58 85.79 0.72

Ada‑RF 90 100 80 83.33 100 88.89 89.44 0.81

BPNN 98 96 100 100 96.15 97.95 97.97 0.96

PPV: Positive predictive value, NPV: Negative predictive value, DS: Decision Stump, RF: Random Forest, BPNN: Back Propagation Neural Network

Table 4. Performance metrics of part‑solid feature for various inertia weights

Classifie rs Accura cy Sensitiv ity Specifi city PPV NPV F‑measur e G‑mean C

DS 77.6 60.19 95.14 92.53 70.5 73.54 76.17 0.59

RF 86.2 85.4 86.4 86.27 85.57 85.49 85.49 0.72

Ada‑DS 87.9 83.5 92.2 91.48 84.82 86.81 87.74 0.61

Ada‑RF 86.4 85.4 87.4 91.48 84.82 87.89 86.39 0.76

BPNN 93.68 91.26 96.1 95.91 96.11 93.43 93.46 0.87

PPV: Positive predictive value, NPV: Negative predictive value, DS: Decision Stumpe, RF: Random Forest, BPNN: Back Propagation Neural Network

Figure 5. (A) Original image, (B) separated lung fields, and (C) separated 
cancerous portion

CBA
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different classifiers in this work. Classifiers such as Decision 
Stump (DS), Random Forest (RF), AdaBoost-Decision 
Stump, AdaBoost-Random Forest, and Back Propagation 
Neural Network (BPNN) are used. Classifiers are trained to 
distinguish the true nodule from false nodule.

8.1. Confusion matrix

A confusion matrix is a chart that is used to describe the 
classifier’s performance on a set of predicted condition for 
which the actual conditions are known. If the radiologist 
identifies a patient as disease present and the proposed 
CAD indicates the presence of disease, the detection test 
result would yield true positive (TP); if the radiologist 
identifies a patient as nodule absent and the proposed 
CAD indicates the presence of nodule, the detection test 
result would yield FP; if the radiologist identifies a patient 
as nodule present and the proposed CAD indicates the 
absence of nodule, the detection test result would yield FN; 
and if the radiologist identifies a patient as nodule absent 
and the proposed CAD indicates the absence of nodule, the 
detection test result would yield true negative (TN). Using 
TP, FP, FN, and TN, various performance metrics such 
as classification accuracy, sensitivity, specificity, positive 
predictive value, negative predictive value, F-measure, and 
G-mean are calculated.

8.2. Accuracy

Accuracy can be defined as the ratio between the sum of 
TP and TN to the total sum of attributes used. Accuracy 
relies mainly on the classification rate of the classifier.

	
Accuracy � �

� � �
�

TP TN
TP TN FP FN

AN
TOTAL

� (I)

8.3. Sensitivity

Sensitivity can be defined as the ratio between TP to 
the sum of actual positive. It defines how the nodule is 
correctly diagnosed.

		
Sensitivity = TP

AP � (II)

8.4. Specificity

Specificity is the ratio between TN to the sum of actual 
negative. It defines how well the absence of nodule is 
correctly diagnosed.

		
Specificity = TN

AN
� (III)

8.5. Receiver operating characteristics

Receiver operating characteristics (ROC) is graphical 
representation between FP rate (FPR) and TP rate (TPR). 
FPR can also be defined as (1-specificity). In ideal situation, 
the sensitivity and specificity of diagnostic result will be 
100% and this is called perfect classification.

8.6. Positive predictive value

The performance of proposed CAD and ground truth should 
predict correctly the prevalence of disease. Mathematically, 
positive predictive value (PPV) can be expressed as:

		
PPV TP

PP
= � (IV)

8.7. Negative predictive value

The performance of proposed CAD and ground truth should 
predict correctly the absence of disease. Mathematically, 
negative predictive value (NPV) can be expressed as:

		
NPV TN

PN
= � (V)

8.8. F-measure

F-measure can be defined as the weighted mean value of 
precision and recall.

	
F-measure=

2* precision * recall
precision + recall
� �
� � � (VI)

8.9. G-mean

G-mean maintains a balance between the positive class and 
negative class classification accuracies. The classification 

Table 5. Performance metrics of non‑solid feature for various inertia weights

Classifier s Accura cy Sensitiv ity Specific ity PPV NPV F‑measur e G‑mean MC

DS 77.8 100 55.6 69.23 100 71.46 74.56 0.59

RF 91.7 83.3 100 100 85.71 90.88 91.26 0.83

Ada‑DS 94.4 88.9 100 100 90 94.12 94.28 0.88

Ada‑RF 94.4 100 88.9 88.88 100 94.12 94.28 0.88

BPNN 97.2 100 88.9 94.73 100 97.11 97.15 0.94

PPV: Positive predictive value, NPV: Negative predictive value, DS: Decision Stump, RF: Random Forest, BPNN: Back Propagation Neural Network
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precision of a positive class is defined by sensitivity. In 
addition, specificity determines how well a negative class is 
classified. The value nearer to 100% represents the perfect 
classification accuracy.

	
G mean sensitivity specificity� � � �* � (VII)

8.10. Mathew’s correlation

In Mathew’s correlation (MC), the actual and predicted 
condition takes the value between 0 and 1. The value of 1 
corresponds to perfect correlation, whereas the value of 0.5 
corresponds to random prediction.

TP TN FP FN

TP FP TP FN TN FP TN FN

TP TN

* ( * )

*

/

� � �
�� � �� � �� � �� ��� ��

�
� �

1 2

�� � �
�� ��

FP FN

AP AN PP PN

*

* * *
/1 2

�(VIII)

9. Results and discussion
The images used for examining the proposed methodology 
were taken from the LIDC-IDRI, SPIE-AAPM Lung CT 
challenge, and hospitals. Nodule size between 3 mm and 
30  mm were considered in this work. Most specifically, 
solid, part-solid, and non-solid nodules were chosen. 
In the LIDC-IDRI database, 71 exams are chosen. Out 
of 71 exams, 246 nodule case and 240 non-nodule cases 
were selected. In the SPIE-AAPM database, out of 70 only 
35 exams were used. Among them, 28 nodule cases and 
34 non-nodule cases are selected. About 36 CT images 
were acquired from hospitals. A total of 584 images were 
considered in this work, of which 292 belong to nodule and 
the rest belong to non-nodule cases. The input datasets are 
grouped into training set and testing set with 292 datasets 
each. All these databases were aimed to promote the 
development of the proposed CAD system.

The performance measure of each classifier for different 
inertia weights can be measure using accuracy, sensitivity, 
and specificity. Using confusion matrix, these measures 
can be calculated. Accuracy of each classifier can be 
obtained correctly by determining the ratio of the correctly 
classified and total number of samples. Sensitivity can be 
measured from the misclassified rate of nodule case to 
the total number of nodule case used. Specificity can be 
measured from the misclassified rate of non-nodule case 
to the total number of non-nodule case used. Tables  1-3 
describe briefly the performance of classifiers based 
on confusion matrix. For solid features, the accuracy, 
sensitivity, specificity, PPV, NPV, F-measure, G-mean, and 
MC of various classifiers are noted.

10. Conclusions
In this work, we proposed an automated CAD system for 
classification of lung nodules using various classifiers from 
CT images. The classification of nodule and non-nodule 
patterns in CT is one of the most significant processes 
during the detection of lung nodule. The developed 
CAD systems consist of segmentation, feature extraction 
and classification. For segmentation, we used filters for 
effective extraction infected region. Later, we extracted 
features through features and fed into classifiers such as 
DS, RF, and BPNN. The experimentation was conducted 
on LIDC-IDRI dataset (Tables  3-5), and the results with 
BPNN outperformed those with DS and RF classifiers. The 
performance was measured using sensitivity, specificity, 
PPV, NPV, F-measure, and G-Mean.
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Tumor Discovery

Abstract
Breast malignancy is a critical problem that severely affects women’s health globally 
with a high-frequency rate, necessitating fast, effective, and early diagnostic methods. 
The present study aims to measure the breast tissue’s optical properties by capturing 
the spectral signatures from malignant and normal breast tissue for therapeutic and 
diagnostic applications. The optical imaging system incorporates a hyperspectral (HS) 
camera to capture the spectral signatures for both the malignant and normal breast 
tissues within 400 ~ 1000 nm. The system was subdivided into two exploratory (reflection/
transmission) to measure the tissue’s diffuse reflectance (Rd) and light transmission 
(Tr), respectively. The study involved 30 breast tissue (normal/tumor) samples from 
30 females in the age range of 46 ~ 72 years, who were optically inspected in the visible 
and near-infrared (VIS-NIR) spectra. Then, the inverse adding doubling (IAD) method 
for breast tissue characterization and descriptive analysis (T-test) was exploited to verify 
the significant difference between the various types of breast tissues and select the 
optimum wavelength. Finally, comparing the study outcome with the histopathological 
examination to evaluate the system’s effectiveness by calculation (sensitivity, specificity, 
and accuracy). The average outcome values demonstrated that the optimal spectral 
bands distinguishing between the normal and the tumor tissues regarding the 
reflectance approach were 600 ~ 680 nm and 750 ~ 960 nm at the VIS and NIR spectrum, 
respectively. Then, for the transmission technique, the optimal spectral bands were 560 
~ 590 nm and 760 ~ 810 nm at the VIS and NIR spectra, respectively. Later, the T-test and 
the IAD verified that the highest Rd values for discrimination were 600 ~ 640 nm and 
800 ~ 840 nm at the VIS and NIR spectra, respectively. On the other side, the highest Tr 
values were 600 ~ 640 nm and 760 ~ 800 nm at the VIS and NIR spectra, respectively. The 
investigation’s average reading accuracy, sensitivity, and specificity were 85%, 81.88%, 
and 88.8%, respectively. The experimental trials revealed that the system could identify 
the optimal wavelength for therapeutic and diagnostic applications through the light 
interaction behavior of the breast tissue’s optical properties.
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1. Introduction
Breast malignancy (BM) is a threatening disease in 
women[1,2]. BM has a high occurrence and mortality rates 
globally[2]. In line with the World Health Organization’s 
recommendation, it is vital to have an effective healthcare 
system for BM diagnosis and therapy[3]. Of all women’s 
tumors, 16% are diagnosed with breast cancer[4]. It is the 
primary source of malignancy-based death in Africa, with 
an elevated rate in low-  and middle-income nations[5,6]. 
Even though the sign of cancer is not selective to 
females, the incidence rate of breast cancer in women is 
multiple times higher than that in men[7]. The malignant-
based death, in one way, is credited to late diagnosis 
as the malignancy has grown in size or metastasized. 
Consequently, early diagnosis is an excellent approach to 
improving the survival rate, which can go up to 95%[8].

Early detection of BM was the objective of multiple 
studies involving imaging modalities[9], such as 
mammograms[10], ultrasound (US)[11], and breast magnetic 
resonance imaging (BMRI)[12]. On the other hand, it is 
limited to several components, for example, the contrast 
noise ratio[13], longitudinal resolution, and signal-to-noise 
ratio of every machine[14]. Researchers have investigated 
numerous breast cancer diagnostic techniques, 
incorporating X-ray mammogram, MRI, US, positron 
emission tomography scan, computerized tomography 
(CT), and tissue removal (biopsy), which are detailed in 
Table S1 (Supplementary File), for the regular breast cancer 
diagnostic approaches and their constraints[15].

At present, tissue sampling is the standard method for 
BM identification. However, it requires acquiring a tumor 
biopsy and then an investigation by a pathologist[16]. In 
addition, tissue sampling involves staining, sample cutting, 
and microscopic investigations, which are time-consuming 
and costly[17].

None of the abovementioned imaging modalities is 
flawless for intraoperative resection of malignant tumors[18]. 
For example, 37% of the women had breast apportioning, 
and the tumor was allocated at the edge of the biopsy[19]. 
In oncology, failure to completely eradicate malignant 
develops cancer recurrence which leads to the spread of 
the disease[20]. Presently, a pathologist, who investigates 
the tissue with a digital microscope, surveys the resection 
edge a couple of days after an operation and following 
this, the pathologist can give a direct examination before 
commencing the treatment[21].

The US Food and Drug Administration approved the 
whole slide imaging (WSI) for the fundamental analysis 
of histopathological slides[22,23]. Computerized radiology 
enables immediate investigation of WSI in routine 

pathology practice. However, there are critical contrasts 
in motivations for appropriating computerized innovation 
in pathology when contrasted with radiology. In digital 
radiology, sensors can straightforwardly catch the data from 
imaging sources. This advanced cycle obviates the need for 
ordinary films, harmful compound preparation, and X-ray 
record rooms. By contrast, slide imaging for pathology 
necessitates that the tissues are prepared in the typical way 
(embedded in paraffin, cut, set on glass slides, and stained). 
Afterward, the pathologist investigates the samples visually 
thru the microscope, which often consumes time and effort 
and relies on clinician experience[24].

Several studies compared the frozen section analysis 
and the imprint cytology involving hematoxylin and 
eosin (H&E) staining examination alone. Motomura et al. 
reported that compared to H&E, imprint cytology analysis 
has an overall accuracy, sensitivity, and the specificity of 
96%, 90.9%, and 98.5%, respectively[25]. Flett et al. stated 
that frozen section analysis accurately predicts axillary 
node status with 95%[26]. Moreover, Van Diest et al. stated 
that frozen section examinations were better than imprint 
cytology analysis (sensitivity 91% versus 63%), and 
specificity for both methods was 100%[27].

Hyperspectral imaging (HSI) is also called imaging 
spectrometry and chemical imaging[28]. HSI has 
advantages over multispectral and RGB imaging because 
it captures tens to hundreds (continuous spectrum) 
along the electromagnetic spectrum. HSI collects spatial 
information (x, y), and a spectral wavelength called a data 
cube, with each pixel, provides a specific spectral signature 
based on the reflection, transmission, and absorption 
of electromagnetic radiation for each material under 
examination[29]. HSI coordinates ordinary imaging and 
spectroscopy modalities to provide spatial and spectral 
information about the object of interest[30,31]. Spectrometry 
imaging had been exploited in land scanning remotely 
since 1985[32].

As an imaging methodology for clinical applications, 
HSI offers extraordinary potential for noninvasive 
diagnostic and surgical navigation[33]. Several studies 
highlight the novelty of the HSI in medical applications, 
For example, Fabelo et al. used an intraoperative imaging 
system utilizing HSI to assist in brain tumor delineation to 
differentiate between normal and cancer tissue in the brain 
during a neurosurgical operation[34]. In addition, Goto 
et al. implemented a study to recognize gastric tumors 
in ex vivo human tissues[35]. Furthermore, Regeling et al. 
utilized flexible endoscopy combined with an HSI system 
to discriminate laryngeal cancer to acquire HS cubes in 
the region within 390 ~ 680  nm[36]. Moreover, HSI had 
been exploited in monitoring the thermal ablation in the 
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biological tissue[37,38], sketching of the blood vessels in the 
arm to aid with Phlebotomy and tissue oxygen[39,40], and 
breast cancer investigation and malignancy detection[41-43].

The expansion of optical systems in current medical 
sectors in therapeutic, diagnosis, and surgery regions 
has motivated the research on optical properties of 
numerous biological tissues. At the same time, the 
effectiveness of laser therapy varies by photon propagation 
and spreading fluence rate inside irradiated tissues[44]. 
Moreover, the ability to image a biological sample 
deeply is limited by light penetration depth inside the 
biological tissues, as distinguished by high turbidity[45]. 
Regarding the optical properties of the biological tissues 
(comprising blood, lymph, and other biological fluids), 
it had been classified into two classes: (i) opaque tissues 
(intensely scattering) such as the brain, skin, blood, and 
vascular walls; and (ii) translucent tissues (inadequately 
scattering) such as the cornea and anterior eye chamber 
lens[46]. The light interaction (reflection, scattering, and 
absorption) with the investigated biological soft tissue 
varies concerning the optical properties variation of its 
fundamental characteristics, is presented in Figure S1 
(Supplementary File).

In this study, we designed an optical imaging system 
incorporating the hyperspectral (HS) camera to acquire a 
fast and effective method for breast tissue characterization 
by capturing the spectral signatures of the malignant and 
normal breast tissues for both investigative and therapeutic 
objectives. The exploited optical imaging had been divided 
into two separate setups (Reflection/Transmission) 
with spectral range of 380 – 1050  nm to measure the 
tissue’s diffuse reflectance (Rd) and light transmission 
(Tr), and then the sample absorption coefficient (µa) was 
calculated from Tr. Then, from the measurements of the 
previously stated parameters for both the normal and the 
malignant breast tissues, we exploited the inverse adding 
doubling (IAD) method for breast tissue characterization. 
Furthermore, the T-test was utilized to verify the significant 
difference between the various types of breast tissues 
and select the optimum wavelength for diagnosis and 
therapy applications. Finally, the proposed methods with 
histopathological examination were compared to evaluate 
the system’s effectiveness in terms of sensitivity, specificity, 
and accuracy.

2. Materials and methods
2.1. Primary system interconnections

The primary system interconnections include the following:
•	 The design and implementation of the optical imaging 

system
•	 The optical phantoms and system calibration

•	 The investigation and patient criteria for breast tissue 
samples selection and preparation

•	 Capturing the HS image for the ex vivo breast samples
•	 The measurement of the sample’s diffuse reflection (Rd) 

for both the cancerous and the non-cancerous regions
•	 The measurements for sample Tr
•	 Calculating the sample absorption coefficient (µa) 

from the measured Tr
•	 The statistical analysis to select the optimum wavelength 

for the diagnostic and therapeutic applications
•	 Calculating the system efficiency (average reading 

accuracy, sensitivity, and specificity).

2.2. Design and implementation of the optical 
imaging system

The principal structure of the proposed framework 
is partitioned into two different configurations. The 
first configuration (reflection approach) utilizes a 
polychromatic source light (Derungs, 20P SX  -20 Watt, 
Germany) with a spectral range (400 ~ 950  nm) to 
measure the Rd of the investigated ex vivo breast samples, 
as illustrated in Figure 1A for the schematic diagram and 
Figure 1B for the actual setup[47]. The second configuration 
(transmission approach) employs the same light source. 
However, underneath the investigated samples for light Tr 
measurement, these measurements yield the calculation of 
the µa, as presented in Figure 1C for the schematic diagram 
and Figure 1D for the actual setup.

Both configurations exploit the HS camera (Surface 
Optics, SOC710, USA) at 400 ~ 1000 nm, with a spectral 
resolution of 4.69  nm and a bit depth of 12, which is 
equipped with an objective lens (Schneider, 400 – 1000 nm, 
Germany). The employed HS camera is a push broom 
imager with scanned cube 128 frames which has a built-in 
translation sensor capable of directly collecting information 
for the entire spatial image of the whole object. The camera 
was settled at a height of 20 cm, and the light source was 
16  cm from the breast samples. The light was settled at 
the same distance under the samples in the transmission 
configuration. The signal analysis measurements were 
analyzed with software (SOC’s Hyperscanner and 
SRAnalysis, USA) accompanied by (DADiSP, SE 6.7, USA) 
on a personal laptop (DELL, INSPIRON 5584, Intel Core 
I7, 16 GB RAM, Windows 10, USA) where the actual setup 
with all of its components is displayed in Figure 1.

2.3. Optical phantom preparation and system 
calibration

Initially, we prepared liquid optical phantoms for system 
calibration. Then, we used demineralized water as a matrix 
material and added milk (whole milk, lactose-free, and 
fat-free) as the scattering material with three different 
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fat concentrations (3%, 1.75%, and 0%). Samples were 
arranged in a 300 mL beaker, mixing the milk with the water 
to achieve various lipid concentrations (0.1% ~ 1%, with 
increments of 0.05%). Moreover, the exploited absorption 
material was a red Indian ink (Speedball, Statesville, USA) 
with whole fat milk (3% of fat concentration). Mixture 
was prepared by adding 200 mL from the ink with 0.2 mL 
of milk at concentration range (0.005% ~ 0.2%). The ink 
concentration was constant at 0.1% with 200 µL dilution 
in 100  mL of demineralized water. Milk was added to 
the mixture with a syringe of 5  mL of lipid at various 
concentrations (0.1% ~ 0.5%)[48,49].

2.4. Patient criteria and sample preparation

The current trial examination was approved by the 
Institutional Ethical Committee. In addition, all patients 

read and signed the consent form before data collection 
began. The study was conducted from May 2020 to October 
2021 with a total of 30 female patients who were diagnosed 
with breast cancer by two different imaging methods 
(mammogram/US) and had underwent mastectomy; 
the patient data for the present study are summarized in 
Table S2 (Supplementary File).

The breast tumor samples, which had been classified 
by the pathologists, were processed at the pathological 
center and then attached with the complete histology 
lab report for each patient. The breast samples were cut 
by the pathologist into various sizes around 10 ~ 12 cm2 
with a thickness of 4 ~ 5 mm. One of the team members 
transported samples in an icebox. During the experimental 
investigation, samples were dipped in phosphate-buffered 
saline (pH = 7.4) to remove blood. After scanning, the 

Figure 1. (A) The schematic diagram of the reflection setup. (B) The actual reflection setup to measure the tissue’s diffuse reflectance (Rd): (1) the HS 
camera, (2) the polychromatic source light, (3) the investigated breast samples, and (4) the computer and the image software analysis. (C) The schematic 
diagram of the transmission setup. (D) The actual transmission setup to measure the tissue’s light transmission (Tr).

A B

C D
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samples were stored in a freezer at a temperature of −75°C. 
The experimental trials were conducted in a lab with room 
temperature of ~25°C.

2.5. Principal theory and procedure equations

The proliferation of incident light inside tissue is 
a significant issue in clinical applications and the 
improvement of diagnostic techniques. This way, this 
segment is committed to a concise audit of the light tissue 
collaboration systems, optical cycles included in HSI, 
and valuable diagnostic and therapeutic data provided by 
HSI[33]. Light entering biological breast tissue goes through 
multiple scattering and absorption as it proliferates across 
the tissue[50]. Biological tissues are assorted in composition 
through spectral distinctions in optical properties. 
Scattering appears where there is a spectral distinction in 
the refractive index[51].

The diffusion profundity of light into biological tissues 
depends on how unequivocally the tissue absorbs light. 
Most tissues are adequately powerless absorbers to allow 
substantial light diffusion inside the therapeutic window, 
going from 600 to 1300 nm. Inside the therapeutic window, 
scattering is higher than absorption, so the spreading light 
gets diffuse[50,51]. The primary block diagram of the two 
applied system approaches (reflection and transmission) is 
illustrated in Figure 2.

Light proliferation in investigated tissue depends on 
the transport hypothesis[52,53]. Transport theory depends 
on the superposition of energy flux, so the wave properties 
of light (polarization and interference) are not considered 
in transport theory. Where the radiant power of the light 
transferred to the surface is displayed in Equation I:

Ŗ= ∫ Ƒ.ռ dA� (I)

Where (Ƒ) is the flux vector, (Ŗ) is the radiant power 
transferred through a surface with the area (A).

As the surface of the biological tissue is not 
homogeneous leading to light proliferation. However, it 
is crucial to understand a few of the significant optical 
parameters which are exploited in modeling of the light 
proliferation, such as the propagation of photons, fluence 
ratio, radiance, and flux[54].

The photon allocation function Ɲ ( ) is defined as the 
number of photons for each unit volume moving in the 
course of a unit vector , in the component of fixed angle 
incorporating  at a specified spot ŗ divided by this 
component. The power of photons (β) that proliferate 
through minute area  in the minute fixed angle ( dw ) in 
the course of , with energy հν and speed Śt is shown in 
Equation II:

� (II)

Where (Śt) is the speed of light in tissue and ( ) is 
perpendicular to .

Very often, the operating mechanism of medical 
techniques exploits the relations of light spreading 
through tissue. The quantity of light could be stated as the 
irradiance Ḝ0, which is the radiant energy flux of the surface 
element divided by surface area. Part of the incident light 
is reflected, and the others are attenuated with the tissue 
by diffuse reflection and absorption according to the Beer’s 
law, as shown in Equations III and IV.

� (III)

Where ⱷ (Ḽ) is the fluence ratio for the unscattered 
beam at location (Ḽ) Ḝ0 is the irradiance, and Ŗ is the 
surface reflection (Fresnel).

� (IV)

Where Rd is the scattering (diffuse reflection) coefficient, 
μa is the absorption coefficient, μt is the total attenuation 
coefficient, and ψ is the penetration depth.

While light travels within the tissue, its intensity 
gradually weakens, in a phenomenon known as light 
absorption and expressed by μa, which is described as the 
probability of photon absorption after being proliferated 
per unit length. The light absorption follows the Lambert-
Beer law. Therefore, when there are only light absorption 
phenomena of tissue, it could be expressed by Equation 
V. Additionally, the optical homogenous scattering 
phenomena follows Lambert-Beer law and could also be 
expressed by Equation VI[55].

I I e ad= −0� µ � (V)

I I e sd= −0� µ � (VI)

Where μa is known as the absorption coefficient, I0 
is the incident light, I is the light intensity after passage 
through the medium or tissue, and (µS) is the scattering 
coefficient.

The incident light beam interaction with the biological 
tissues is evaluated in terms of Tr, Rd, and calculated 
absorption coefficient (µa)

[54], using Equations VII and 
VIII:

� (VII)

� (VIII)
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Where 
 
and  are the measured light intensity 

by Rd/Tr with the investigated breast tissue and the typical 
white plate reflection, respectively. The  demonstrates 
the background light intensity discriminated by Rd/Tr 
without the sample reflection on the plate.

2.6. Spectral arrangement

The hyper spectral images were taken for every investigated 
breast tissue sample from the two different arrangements 
as explained previously with spatial pixels (max/
nominal) = 1040/520, spectral channels = 128, HS cube 
captured 100 frames/s within 6.96  s/cube. They applied 
statistical analysis for the spectral signature for selecting 
the optimum spectral range to discriminate the normal 
from the abnormal tissue.

It is essential to capture two data cubes each time a 
breast sample is imaged: the first one is the dark data cube 
which represents the image sensor’s dark current, and the 
second one is for a standard white reference for spectral 
calibration[56]. First, the acquired dark cube was taken by 
closing the lens of the HS camera with its cap. The data 
of the dark and white cubes were exploited to adjust the 
reflected sample image to remove the noise impacts of the 
investigated sample tissue, as expressed in Equation IX:

� (IX)

Where  is the relative reflectance of the 
investigated sample image,  is the seized image, 

 is the opaque image cube, and  is the attained 
image of the white reflectance board.
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2.7. Statistical analysis

So far, the commonly used methods to calculate the 
scattering and absorption properties of the various 
mediums are:

(i)	 Monte Carlo (MC), which is a general class of 
computational algorithms to achieve a numerical 
outcome by relying on random sampling. MC in the 
optical field is effective for a broad range of light µa, 
µs, and photon paths[57].

(ii)	 Diffuse approximation (DA), which is an alternative 
calculation method to calculate the scattering and 
absorption properties of turbid mediums[58].

(iii)	IAD, which is an extended method from the adding 
double (AD) method, and exploited to solve the 
radiative transport equation in the optical field sector 
related to the light’s interaction with the tissues in a 
slab geometry[59].

The radiative transport equation could be used to 
achieve light intensity distribution for the physical 
mediums, as shown in Equation X[60].

dI r s
ds

I r s p s s I r s da s
s,

, , ,
( )

= − +( ) ( ) + ( ) ( )′ ′∫µ µ
µ
4

4
π

θ
π

�

� (X)

Where I (r,s) is the measured intensity per unit length, 
r is the target location, s is the unit direction vector, 
p s s, ′( )  is the phase function, and θ is the solid angle.

Although there is no analytical solution for Equation X, 
it is achievable by exploiting the MC technique[61,62]. 
Moreover, the IAD method is used to solve the radiative 
transport equation. IAD technique and MC model have 
offered more precise approximations of optical properties 
for the biological tissue (µa, µs, g) better than other methods. 
Two dimensionless quantities are exploited in the whole 
process of the IAD, that is, the albedo (a) and the optical 
depth ( ), which are well-defined in Equations XI and XII:

a s

s a
=

+
�

�
µ

µ µ
� (XI)

 = +( )t s aµ µ� � (XII)

Where is the sample’s thickness (mm), the measured 
values of Rd, the total diffuse transmittance (Td), and the 
unscattered collimated transmittance (Tc) are applied to 
the IAD process to calculate the (µa, µs).

Due to the minimum computational time and high 
accuracy comparable to both DA and MC methods, we 
exploited in our system the IAD method for breast tissue 
characterization and descriptive analysis (T-test) to verify 

the significant differences among the various types of 
breast tissues and to select the optimum wavelength.

2.8. System efficiency analysis

The efficiency of the presented system analysis methods is 
achieved by comparing the outcomes with the histological 
investigations. Regarding the results of these comparisons, 
three numerical values (sensitivity, specificity, and accuracy) 
could be measured to evaluate the various spectral analysis 
methods, as shown in Equations XIII, XIV, and XV:

Sensitivity
TP

TP FN
=

+
� (XIII)

Specificity
TN

TN FP
=

+
� (XIV)

�

� (XV)

Where true positive (TP) is the cases detected by the 
proposed system as actual masses (tumors); false negative 
(FN) is the cases of the system which had not been detected 
and have masses; true negative (TN) is the cases detected 
by the proposed system as normal, and they are normal 
cases; and false positive (FP) is the cases mistakenly 
detected by the presented system as abnormal masses, and 
they are normal cases.

3. Results
Our primary goal of these assessments is to investigate the 
optical properties of the ex vivo breast samples (normal/
tumor) by identifying the spectral signatures through 
incorporating the HS camera capabilities to provide the 
essential data for diagnostic and therapeutic applications 
concerning breast cancer. We set up two diverse 
frameworks (reflection/transmission) methods using the 
HS camera at wavelength range (400 ~ 1000 nm) and with 
a polychromatic light source in the VIS-NIR range for this 
examination.

We initially exploited the first framework (reflection 
method) to measure the investigated ex vivo breast tissue 
sample’s light Rd; one of the investigated cases is presented 
in Figure  3. The solid red line represents the measured 
tumor tissue’s Rd spectrum, and the solid blue line identifies 
the normal tissue’s Rd spectrum over the VIS-NIR range. 
From the measured light Rd for the investigated samples, 
we could visually highlight the spectrum peaks, which 
distinguish between the normal and the tumor tissues at 
wavelength range 600 ~ 680 nm and 750 ~ 960 nm at the 
VIS range and NIR range, respectively.
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Moreover, regarding the second framework 
(transmission method) to measure the investigated ex vivo 
breast tissue sample’s light Tr, one of the investigated cases 
is presented in Figure 4. The solid red line represents the 
measured tumor tissue’s Tr spectrum, and the solid blue 
line identifies the normal tissue’s Tr spectrum over the VIS-
NIR range. From the measured light Tr for the investigated 
samples, we could visually highlight the spectrum peaks 
that distinguish between the normal and the tumor tissues 
at wavelength range 560 ~ 590 nm and 760 ~ 810 nm at the 
VIS range and NIR range, respectively.

From the two frameworks, we could measure the 
tissue’s Rd and light Tr, and then calculate the sample µa 
from the measured Tr. Then, from the measurements of 
the previously stated parameters for both the normal and 
the malignant breast tissues, we could identify a spectral 
signature for each tissue type by investigating the optical 
spectroscopy in the VIS-NIR range for the measured light 
Rd and Tr. The measured tissue’s Rd, Tr, and calculated µa 
of the investigated ex vivo breast samples are illustrated in 
Figure S2A-C (Supplementary File), respectively.

Later, we exploited the IAD method for breast tissue 
characterization and the descriptive analysis (T-test) to 
verify the significant difference between the various types 
of breast tissues and select the optimum wavelength. From 
the T-test and the IAD regarding the measured Rd, we 
could verify that the highest Rd values for discrimination 
were 600 ~ 640  nm at the VIS range and 800 ~ 840  nm 

at the NIR range, with the minimum tolerance error, as 
shown in Figure 5.

On the other side, the highest Tr values were 560 
~ 600  nm at the VIS range. Since the tolerance error 
was high in tumor measurements, it was better to select 
the wavelength range of 600 ~ 640 nm at the VIS range. 
Meanwhile, the wavelength range of 760 ~ 800  nm at 
the NIR range was with the minimum tolerance error, as 
shown in Figure 6.

Finally, we compared the system outcome with the 
pathological reports to evaluate the system efficiency and 
calculate the three numerical values (sensitivity, specificity, 
and accuracy). Where, the corrected prediction of the 
system (TP and TN) is compared with the pathological 
report for each region (malignant in red color and non-
malignant in blue color), as shown in Figure 7A. Figure 7B 
shows the receiver operating characteristic (ROC) curve 
data illustrating the normal and tumor data to highlight the 
effect of the cut-off point on decision-making concerning 
the designed machine learning model. Figure  7C shows 
the ROC curve to highlight the test’s sensitivity (TP rate) 
and specificity (FP rate) at various cutoff values.

4. Discussion
BM is the second most common cancer in women after 
skin cancer globally[63]. BM is a threatening disease in 
both incidence and mortality rates. Therefore, early 

Figure 3. The measured light Rd spectrum for one of the investigated samples (patient ID 1009). The solid red line is for the measured tumor tissue’s light 
Rd spectrum, and the solid blue line identifies the measured normal tissue’s Rd spectrum highlighting the peaks which could visually identify between both 
normal and tumor tissues at wavelength ranges of 600 ~ 680 nm and 750 ~ 960 nm at the visible and near-infrared spectra, respectively.
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Figure 4. The measured light Tr spectrum for one of the investigated samples (patient ID 1009). The solid red line is for the measured tumor tissue’s light 
Tr spectrum, and the solid blue line identifies the measured normal tissue’s Tr spectrum highlighting the peaks which could visually identify between both 
normal and tumor tissues at wavelength ranges of 560 ~ 590 nm and 760 ~ 810 nm at the visible and near-infrared spectra, respectively.

Figure 5. The chart analysis of the inverse adding doubling method associated with the T-test for the measured diffuse reflection (Rd) signatures of the 
investigated ex vivo breast samples from both the normal and breast tumor at the visible and near-infrared (VIS-NIR) spectrum range (400 ~ 1000 nm), 
with resolution of 40 nm over twelve groups, where the highest Rd values for discrimination were 600 ~ 640 nm at the VIS range and 800 ~ 840 nm at the 
NIR range, with the minimum tolerance error.
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diagnosis is vital for life-saving[64,65], which could go up 
to 95%[8]. Breast-conserving surgery (BCS) is a common 
therapy. However, clear surgical margins are vital to avoid 
cancer recurrence. Additionally, intraoperative pathologic 
diagnostic techniques, such as imprint cytology and 
frozen section analysis, are well-known essential tools 
in BCS. In addition to the traditional methods, there are 

also modern methods, which have various advantages and 
disadvantages (Table 1)[66].

Recently, there has been a rapid development in the 
research of optical methods in the biomedical field sector, 
leading to a growing number of commercial diagnostic 
and therapeutic methods. The HSI is a capable non-
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Figure 6. The chart analysis of the inverse adding doubling method associated with the T-test for the measured light transmission (Tr) signatures of the 
investigated ex vivo breast samples from both the normal and breast tumor at the visible and near-infrared (VIS-NIR) spectrum range (400 ~ 1000 nm), 
with resolution of 40 nm over twelve groups, where the highest Tr values for discrimination were 600 ~ 640 nm at the VIS range and 760 ~ 800 nm at the 
NIR range, with the minimum tolerance error.
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invasive, non-ionizing method that encourages fast 
achievement and analysis of diagnostic data in the medical 
field[67]. McCormack et al. proposed an optical imaging 
system incorporating the HS camera, which was capable 
to map oxygen saturation, vessel density and branching 
in cancer microvasculature with high resolution to 
successfully computing malignant microvascular response 
on anti-cancer therapy over a long period of time[68]. In 
addition, Kim et al. proposed an algorithm to extract 
the region of interest (ROI) from the HS images of BM 
samples instead of the visual or manual inspection[69]. 
Moreover, Pourreza-Shahri et al. suggested a classification 
algorithm to identify the BM margins in the HS images 
with a sensitivity of 98% and a specificity of 99%[70].

Globally, up to 40% of the BCS necessitate additional 
surgical procedures due to positive resection margins. 
Therefore, numerous researchers propose techniques to 
reduce this value by assessing the resection margins in real 
time using the HSI system during surgery[71]. The novel 
techniques in breast cancer investigation exploiting the 
HSI are briefly depicted in Table S3.

Figure 3 illustrates the first approach of measuring the 
Rd of the investigated ex vivo breast tissue samples. The 
solid red line represents the measured tumor tissue’s Rd 
spectrum, and the solid blue line represents the normal 
tissue’s Rd spectrum. We noticed from the graph plot that 
we could visually differentiate between the tumor and the 
normal tissue at wavelength range of 600 ~ 680 nm and 750 

Figure 7. (A) The system outcome where the tumor samples illustrated in red font and normal samples in blue font versus the estimation differences to 
show the correct prediction and the missed diagnosis in each trial. (B) The receiver operating characteristic (ROC) curve data which represent the normal 
and tumor data to highlight the effect of the cutoff point on decision-making concerning the designed machine learning model. (C) The ROC curve 
demonstrating the sensitivity (true positive rate) and specificity (false positive rate) of the test at various cut-off values.

A B C
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~ 960 nm at the VIS and NIR ranges, respectively. Then, 
from the second framework, we could measure the light Tr, 
and from the graph, we could visually distinguish between 
the normal and the tumor tissues at wavelength range of 
560 ~ 590 nm and 760 ~ 810 nm in the VIS range and NIR 
range, respectively.

From the two methods (reflection/transmission), we 
could calculate the sample µa from the measured Tr. Then, 
we could identify a spectral signature for each tissue type 
in the VIS-NIR range from the measurements of the 
previously stated parameters for both the normal and the 
malignant breast tissues. The measured light tissue’s Rd, Tr, 
and calculated µa of the investigated ex vivo breast samples 
are illustrated in Figure S2A-C (Supplementary File), 
respectively.

Furthermore, we exploited the IAD method for 
breast tissue characterization and the T-test to verify the 
significant difference among the various types of breast 
tissues and to select the optimum wavelength. From the 
T-test and the IAD regarding the measured Rd, we could 
verify that the highest Rd values for discrimination were 
600 ~ 640 nm at the VIS range and 800 ~ 840 nm at the 
NIR range, with the minimum tolerance error, as shown 
in Figure 5. On the other side, the highest Tr values were 
590 ~ 600 nm at the VIS range. Since the tolerance error 
was high in tumor measurements, it was better to select 
the wavelength range of 600 ~ 640 nm at the VIS range. 
Meanwhile, the wavelength range of 760 ~ 800  nm at 
the NIR range was with the minimum tolerance error, as 
shown in Figure 6.

Finally, to evaluate the system efficiency, we compared 
the system outcome versus the pathological reports to 
calculate the corrected prediction (TP) and the incorrect 
prediction (FP), alongside the FN and TN. Regarding these 

values, we could plot the ROC curve and determine the 
system performance (accuracy: 85%; sensitivity: 81.88%; 
and specificity: 88.8%).

5. Conclusions
The current study showed that the potential and capabilities 
of HS camera in providing a rapid and non-invasive 
method to measure the breast tissue’s optical properties 
by capturing the spectral signatures from the malignant 
and normal breast tissue and to distinguish between them 
in both the diagnostic and therapeutic applications. The 
light traveling through tissue was exposed according to 
two parameters, Rd and µa, which depend on the optical 
properties of the breast tissue. Finally, we conclude from 
the Rd measurements of the investigated breast samples, 
that wavelength ranges 600 ~ 640 nm and 800 ~ 840 nm 
are the optimum ranges to identify the cancerous and 
non- cancerous regions regarding the diagnostic purpose 
at the VIS, and NIR spectrum. However, from the Tr values 
(therapeutic applications), the ideal wavelength ranges 
were 600 ~ 640  nm, and 760 ~ 800  nm. In the present 
study, the average accuracy, sensitivity, and specificity were 
85%, 81.88%, and 88.8%, respectively. In future work, we 
intend to explore this direction in infrared band using a 
commercial and low-cost spectral detector to calculate the 
optimum wavelength with the highest Rd value to develop 
an alternative low-cost and rapid diagnostic technique of 
breast cancer.
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HSI attached with standard microscope and deep learning [81] Complex Fast Cost-effective √ ×
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Abstract
Cutaneous malignant melanoma is the most lethal skin cancer. The advent of 
immunotherapy has revolutionized the status of clinical therapies of melanoma, which 
brought new hope to these patients. However, only a small proportion of patients 
are responders. Therefore, the identification of novel prognostic and immune-related 
biomarkers is crucial to guide the development of melanoma clinical treatments. Herein, 
RNA-seq data of the cutaneous melanoma from public database were used for identifying 
prognostic gene signatures, and we found that high expression of lymphocyte cytosolic 
protein 2 (LCP2) in melanoma patient was significantly associated with better prognosis 
for melanoma. Kyoto Encyclopedia of Genes and Genomes and gene ontology analyses 
demonstrated that the differentially expressed genes are significantly involved in 
lysosome, B-cell receptor signaling pathways, Fc epsilon RI signaling pathway, and T-cell 
receptor signaling pathway, indicating that these signaling pathways play important 
roles in melanoma. LCP2 expression was positively correlated with CD8+ T-cell and 
the overall survival of melanoma patients, and this positive correlation was directly 
confirmed by fluorescence-activated cell sorting experiment. The in vivo experiment 
showed that LCP2 knockdown significantly promoted the melanoma progression 
and decreased interferon regulatory factor 5 (IRF5) expression. In conclusion, we 
identified that LCP2 is a possible prognostic gene signature for progression-free survival 
of melanoma patients and regulates melanoma progression by activating tumor-
infiltrating CD8+ T-cells through the IRF5 signaling pathway, indicating that LCP2 could 
serve as a prognostic biomarker and therapeutic target in immunotherapy.
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1. Introduction
Melanoma is known to be the most lethal type of skin cancer, 
with an estimated over 160,000 new cases diagnosed each 
year[1,2]. Although melanoma constitutes <5% of all skin 
cancers, 80% of skin cancer-related deaths are caused by 
melanoma. Despite great advances in biological research 
and therapeutic approaches in the past years, the morbidity 
and mortality rates have still increased in the past half 
century[2]. Due to high immunogenicity of melanoma, 
the recent breakthroughs achieved in immunotherapies 
have revolutionized the way we treat melanoma, and this 
has led to a dramatic improvement in the prognosis of the 
patients[3,4]. However, only a small proportion of patients 
respond to these immunotherapies, which means that 
the mechanism of interaction between immune system 
and melanoma invasion has not yet been fully elucidated. 
Therefore, it is necessary to identify transcriptome 
signatures within tumor immune microenvironment that 
affects tumor progression and patient survival.

Several studies have successfully identified transcriptome 
signatures that could predict the survival of melanoma 
patients[5,6]. These signatures could help discern melanoma 
patients with high risk in advance and evaluate response to 
certain therapeutic interventions. Few studies have explored 
the relationship between the immune gene expression and 
the prognosis for melanoma. Zhao et al. identified a 25-gene 
signature from immune cells-related genes though selecting 
the genes with the highest correlation with the ImmuneScore 
that reflects leukocyte infiltration, and calculated leukocyte 
infiltration score to predict the survival of melanoma 
patients[7]. However, not all 25 genes identified in this study 
may be associated with the development and progression of 
melanoma.

Lymphocyte cytosolic protein 2 (LCP2), one of the 
SLP‑76 family of adapters, is primarily expressed in 
hematopoietic cells[8]. In addition, LCP2 is also reported 
to be expressed in platelets, macrophages, neutrophils, 
mast cells, developing B-cells, and natural killer cells[8,9]. 
However, the current data showed that LCP2 is differentially 
expressed in many different types of tumors and is correlated 
with prognosis in gastric cancer, breast cancer[10], lung 
adenocarcinoma,[11] and metastatic melanoma[12] patients. 
Furthermore, it has been reported that LCP2 is involved 
in T-cell-receptor signaling[13] and is essential for normal 
T-cell development and activation[14]. LCP2 can activate 
the promoter of interleukin (IL)-2 through promoting 

the activation of T-cell, and IL-2  secretion subsequently 
results in the release of cytokines that lead to apoptosis 
of target cells[15,16]. Moreover, Siggs et al. found that the 
mice with LCP2 mutation secreted excessive amounts 
of proinflammatory cytokines, IgE, and autoantibodies, 
suggesting that slight decrease in LCP2 expression is 
enough to trigger immune dysregulation[17]. In a nutshell, 
LCP2 plays a significant important role in the immune 
system. However, the specific role of LCP2 in the tumor 
microenvironment is still obscure.

As melanoma exhibits high immunogenicity, we 
hypothesized that identifying immune-related genes that are 
associated with the occurrence and prognosis of melanoma 
could help delineate the melanoma-specific mechanisms 
of immunoregulation, which may shed new light on 
immunotherapy research. In the present study, the RNA-
seq data of cutaneous melanoma from the public database 
were used for identifying prognostic gene signatures, and 
we found that LCP2 was highly expressed in the patients 
with melanoma. The expression of LCP2 was positively 
correlated with CD8+ T-cell and the overall survival (OS) 
of melanoma patients, and this positive correlation was 
directly confirmed by flow cytometry analysis. Moreover, 
we further explored the potential mechanism of LCP2 in 
tumor microenvironment of melanoma in vivo. Knockdown 
of LCP2 significantly promoted the progression of 
melanoma and decreased the IRF5 expression. Based on 
our results, we identified that LCP2 is a possible prognostic 
gene signature for progressive-free survival of patients 
with melanoma, which repressed the growth of melanoma 
through positively regulating the IRF5 signaling pathway 
followed by activation of CD8+ T-cells and promotion of 
antitumor response.

2. Materials and methods
Major immune pathways (N = 29) were retrieved from the 
Reactome pathway database (https://reactome.org/)[18], which 
contains three main immune pathways including innate 
immune system, adaptive immune system, and cytokine 
signaling in immune system, and 2070 genes in total.

2.1. Data sets used

We used two expression profile data sets to identify 
differentially expressed genes (DEGs) between melanomas 
and controls. These data sets are GSE3189 (including 45 
melanoma samples, 18 benign skin nevus samples, and 
seven normal skin samples) and GSE31879 (including ten 

Keywords: Cutaneous melanoma; Lymphocyte cytosolic protein 2; Prognostic gene signature; Immunotherapies; Interferon 
regulatory factor 5

https://doi.org/10.36922/td.308


Tumor Discovery LCP2 regulates melanoma progression

Volume 2 Issue 1 (2023)	 3� https://doi.org/10.36922/td.308

melanoma samples and four normal melanocyte samples). 
GSE15605 (including 58 melanoma samples and 16 
normal skin samples) was used to validate the identified 
DEGs. The RNA-seq data of cutaneous melanoma from the 
Cancer Genome Atlas (TCGA) were downloaded from the 
UCSC Cancer Brower (https://xenabrowser.net/), which 
contained 471 melanoma samples. The TCGA RNA-seq 
data were utilized to further identify prognostic genes that 
could predict the survival of melanoma, and to construct 
prognostic models. In addition, GSE65904, which contains 
214 melanoma samples, was used to validate the identified 
prognostic gene signatures. Variables with missing values 
>20% of all samples were excluded from this study, and 
the remaining missing values were imputed by nearest 
neighbor averaging method using the R package impute[19]. 
The characteristics of the five data sets used in our study 
are provided in Table S1.

2.2. Identification and validation of DEGs

GSE3189 and GSE31879 data sets were used to select 
DEGs. DEGs between melanoma and benign skin nevus, 
melanoma and normal skin tissue, melanoma, and normal 
melanocyte were screened by Wilcoxon rank-sum test, 
separately. The false discovery rate (FDR) method was 
used to correct type  I error occurring when conducting 
multiple comparison[20]. Variables with q value generated 
by FDR <0.01 were selected, and the DEGs that were shared 
between melanoma and three controls (nevus, normal skin, 
and melanocyte) were screened as the robust DEGs. The 
robust DEGs were then validated in GSE15605, and DEGs 
that were also statistically significant (q  value  <  0.01) in 
GSE15605 were used in following analyses. The identified 
DEGs were further validated in the Gene Expression 
Profiling Interactive Analysis (GEPIA) online database 
(http://gepia.cancer-pku.cn/)[21], which contains a large 
number of normal samples that were derived from the 
Genotype-Tissue Expression (GTEx) projects in addition 
to TCGA melanoma samples.

2.3. Pathway and functional enrichment analyses of 
DEGs

To gain more insights into the functions and biological 
processes of the DEGs, we utilized the R package 
clusterProfiler for Kyoto Encyclopedia of Genes and 
Genomes (KEGG) and gene ontology (GO) enrichment 
analyses[22]. Significant pathways and GO items were 
selected with FDR q < 0.05.

2.4. Identification and validation of prognostic gene 
signatures

DEGs that could be used to predict the OS of patients 
with melanoma were selected using the univariate Cox 

proportional hazards models in TCGA data set. Genes with 
P < 0.05 were then fitted in the multivariate LASSO Cox 
regression model with the R package glmnet[23]. The optimal 
λ value was determined by ten-fold cross validation that 
gives a minimum cross-validated error. Coefficients of 
genes without significant effect on OS were shrunk to zero. 
The correlations among significant genes were assessed 
using Spearman’s correlation method. Then, the prognostic 
immune score (PIS) for each patient was constructed, which 
is the linear combination of the expression of genes and the 
corresponding coefficients estimated in LASSO model. The 
patients in TCGA data set were divided into high-risk group 
and low-risk group based on the median of PIS. The time of 
OS and disease-free survival (DFS) between the two groups 
were compared using Kaplan–Meier analyses and log-rank 
tests, separately. The identified prognostic gene signature 
was validated in an independent cohort GSE65904. PIS was 
calculated according to the expression of each identified 
gene and its associated coefficient obtained from the TCGA 
data set. Subsequently, the high-risk group and low-risk 
group were formed according to the median of PIS, and 
the time of OS and distant metastasis-free survival (DMFS) 
between the two groups were compared by Kaplan–Meier 
analyses and log-rank tests, separately. Since TCGA data 
set has relatively more complete clinical information than 
other data sets, we investigated whether prognostic value 
of PIS was independent of clinical baseline information 
using multivariate Cox proportional hazards models in 
TCGA data set. P < 0.05 was set as a cutoff for significant 
difference. All data were statistically analyzed with 
R software (version 3.4.4).

2.5. Exploring the associations between identified 
prognostic genes and tumor-associated leukocyte 
(TAL) subsets

Leukocyte compositions were inferred from the bulk 
tumor transcriptomes using CIBERSORT, which could 
estimate relative proportions of TAL from expression 
profiles of bulk tumors and outperform other TAL 
decomposition methods[24]. After applying CIBERSORT 
to TCGA data set, 22 distinct TAL subsets were obtained, 
and the correlation between each identified prognostic 
gene and the specific TAL was calculated using Spearman’s 
rank correlation. Genes that had the largest absolute 
correlation coefficients with certain TAL subset among all 
TAL subsets were considered to have strong association 
with that TAL subset. In addition, melanoma subset was 
defined as the average expression of known melanoma 
markers (MLANA, S100A1, PAN2, SOX10, TYR, S100B, 
and MITF), and the association between each identified 
prognostic gene and melanoma subset was explored using 
Spearman’s rank correlation.
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2.6. Cell culture, stimulation, and cell transfection

A375 and B16F10 cells were purchased from ATCC. They 
were cultured in DMEM (01-052-1A, Biological Industries, 
Israel) cell culture medium with 10% fetal bovine serum 
(04-001-1ACS, Biological Industries, Israel). In cell culture 
experiments, transfection of LCP2 shRNA (GenePharma 
Biotechnology Company, Shanghai, China) was conducted 
based on the operation manual. Non-targeting shRNA 
was used as a control. shRNAs were transfected into A375 
and B16F10  cells with Lipofectaminected i (L3000015, 
Invitrogen) according to corresponding instructions. For 
obtaining stable LCP2 knockdown cells, pMD2.G, psPAX2, 
and shRNA were cotransfected into HEK-293T cells with 
TurboFect (R0532, Thermo Fisher Scientific) based on the 
corresponding operation manual. RT-PCR was used for 
efficiency verification of transfection.

2.7. Animal studies

Female BALB/c nude mice (4-6 weeks old) and female C57BL/6 
mice (6-8 weeks old) were used for A375 experiments and 
B16F10 experiments, respectively. 1ect6 A375 or B16F10 cells 
(0.1 mL) were subcutaneously implanted to female nude or 
C57BL/6 mice. To determine tumor growth, a caliper was 
used to record the tumor sizes every 5 days. All animal studies 
were evaluated and approved by the Institutional Animal 
Care and Use Committee of Xiangya Hospital, Central South 
University (No. 2022020685).

2.8. RT-qPCR

Tripure (Bio Teke, RP1002) and a reverse transcription kit 
(HiScript Q RT, Vazyme, R223-01) were used to extract 
the total RNA and reverse-transcribe RNA into cDNA, 
respectively. The PCR system was prepared according to 
the SYBR qPCR Mix kit (Bimake, B21703). The relatively 
expression levels of LCP2 and IRF5 were detected by 
normalization to GAPDH using ΔΔCt method. The primer 
sequences used for the RT-qPCR are listed in Table 1.

2.9. Flow cytometry

2% paraformaldehyde solution in phosphate-buffered 
saline (PBS) was used for cell fixation, then stained with 
fluorescent-labeled antibodies for cell-surface markers 
for 1 h at 4°C in the dark, and subsequently washed and 
resuspended for flow cytometry analysis. The antibodies 
used in this part are as follows: anti-mouse CD4 FITC 
(100406), anti-mouse CD45 APC (103112), anti-mouse 
CD4 PE (100407), anti-mouse/human Granzyme B 
PE (372208), AF647 anti-human/mouse Granzyme B 
antibody (515405), and anti-mouse CD8 APC (100766). 
The FACSCalibur (BD Biosciences) and FlowJo software 
(Version 10.4) were used for flow cytometry analysis and 
data analysis, respectively.

2.10. Identification of differentially expressed genes 
associated with LCP2

To further explore the mechanism of LCP2 regulating 
progression of melanoma, we analyzed the DEGs between 
LCP2 knockdown group and control group. Ribo-Zero 
rRNA removal kit was used to remove rRNA from 1 μg 
of total RNA. TruSeq RNA sample prep kit (Illumina) was 
used to generate sequencing libraries, and then sequenced 
as 151-bp paired-end reads using an Illumina HiSeq X 
Ten platform, with P < 0.05 and |foldchange| > 1 as cutoff 
value.

2.11. Statistical analysis

All data from the experiments are expressed as mean ± SEM. 
Statistical analyses of these data were performed using 
GraphPad Prism 9 (GraphPad Software, La Jolla, CA) with 
an unpaired Student’s t-test or Tukey’s multiple comparison. 
P < 0.05 was set as a cutoff for significant difference.

3. Results
3.1. Identification of DEGs

Among the 2070 immune-centric genes, there were 
1582 immune-centric genes in GSE3189 data set and 
1842 in GSE31879 data set. Based on the criteria of FDR 
q  value < 0.01, the number of DEGs between melanoma 
and nevus, melanoma and normal skin, and melanoma and 
melanocyte were 720, 801, and 335, respectively, in GSE3189 
and GSE31879 data sets. The intersection of these three 
comparisons was 105, which were differently expressed 
in all three comparisons (Figure  1A). Among 105 genes, 
47 were confirmed as DEGs in GSE15605 (Figure 1B). GO 
functional enrichment analysis showed that the changes 
in 47 genes were mainly related to the biological processes 
of neutrophil and autophagy (Figure 1C). KEGG pathway 
enrichment analysis demonstrated that these 47 DEGs 
were significantly involved in lysosome, B-cell receptor 

Table 1. Primer sequences used for the RT‑qPCR

Gene Primer sequence (5’ to 3’)

LCP2

Forward AGAATGTCCCGTTTCGCTCAG

Reverse TGCTCCTTCTCTCTTCGTTCTT

IRF5

Forward AGAGACAGGGAAGTACACTGAAG

Reverse TGGAAGTCACGGCTTTTGTTAAG

GAPDH

Forward CTCTGCTCCTCCTGTTCGAC

Reverse GCCCAATACGACCAAATCC

RT‑qPCR: Real time‑quantitative polymerase chain reaction
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signaling pathways, T-cell receptor signaling pathway, Fc 
epsilon RI signaling pathway, and so on (Figure 1D).

3.2. Identification of prognostic gene signature

Twelve out of 47 DEGs were statistically significant in 
predicting the OS in univariate Cox proportional hazards 
models in TCGA data set (Figure  2). Among them, 
BLNK, DAPP1 and IL18 were downregulated, and other 
genes were upregulated in melanoma samples compared 
to normal samples. These genes were then fitted in the 
LASSO model, and ten of them that were predictive of 
OS were selected (Figure 3A). These genes include BLNK, 
CD81, CLEC4E, CPPED1, IL18, ISG20, LCP2, MGRN1, 
RAB5C, and TRIM32. Our results revealed that elevated 
expression of CD81, IL18, MGRN1, RAB5C, and TRIM32 
were associated with worse OS for melanoma, and elevated 
expression of BLNK, CLEC4E, CPPED1, ISG20, and LCP2 
were associated with better prognosis for melanoma. In 
addition, there were strong correlations among BLNK, 
IL18, CLEC4E, and LCP2 (Figure  3B). To investigate 

whether the prognostic value of the identified ten-gene 
signature was independent of clinical characteristics, we 
employed univariate and multivariate Cox regression 
models to consider the covariates of age, sex, sample 
type, tumor stage, Breslow thickness, and ulceration in 
TCGA data set. Since sex was not statistically significant 
in univariate Cox regression models for predicting both 
OS and DFS, it was excluded when fitting multivariate 
Cox regression models. Results showed that PIS was 
statistically significant for predicting OS and DFS after 
adjusting for effects of several clinical information 
(Figure 3C and D & Tables S2 and S3).

3.3. Construction and validation of PIS

The PIS was calculated based on the linear combination 
of selected ten genes and corresponding coefficients, and 
patients with melanoma in TCGA data set were divided into 
high-risk group (N = 235) and low-risk group (N = 236). 
The OS of high-risk group was significantly worse than that 
of low-risk group (log-rank P = 3e-10, HR: 2.343, 95% CI: 

Figure  1. Identification of DEGs. (A) Overlapping DEGs shared between melanoma and benign skin nevus, melanoma and normal skin tissue, and 
melanoma and normal melanocyte. (B) Heatmap of DEGs. (C) GO functional enrichment analysis (top 10 results). (D) KEGG pathway enrichment 
analysis (top 10 results).
DEGs: Differentially expressed genes; KEGG: Kyoto Encyclopedia of Genes and Genomes; GO: Gene ontology.
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1.785 – 3.076, Figure 4A), with the median survival time of 
1628 and 4601  days, respectively. Meanwhile, our results 
showed that the DFS of high-risk group was significantly 
worse than that of low-risk group (log-rank P = 8e-07, HR: 
2.895, 95% CI: 1.867 – 4.489, Figure 4B), with the median 
survival time of 2195 and 6299  days, respectively. To 
explore the robustness of ten-gene signature for predicting 
the survival of melanoma, we externally validated the 
prognostic ability of ten-gene signature in an independent 
GSE65904 data set. Results showed that the OS of high-risk 
patients in GSE65904 was significantly worse than that of 
low-risk patients (log-rank P = 0.0036, HR: 1.786, 95% CI: 
1.202 – 2.653 days, Figure 4C), with the median survival 
time of 629 and 1404, respectively. In addition, patients in 
high-risk group had significantly worse DMFS than those 
in low-risk group (log-rank P = 0.0082, HR: 1.786, 95% CI: 
1.155 – 2.762, Figure 4D), with the median survival time of 
379 and 1401 days, respectively.

3.4. Associations between identified prognostic 
genes and TAL subsets

The associations between the selected ten prognostic genes 
and the specific TAL were calculated using Spearman’s rank 
correlation. Genes that had the largest absolute correlation 
coefficients with certain TAL subset among all TAL 
subsets were considered to have strong association with 
that TAL subset. Results showed that LCP2, ISG20, and 
CLEC4E expression were significantly positively correlated 
with CD8+ T-cells. CD81 and MGRN1 expression were 
significantly positively correlated with Treg cells, while 
BLNK and IL-18 expression were significantly negatively 
correlated with M0 macrophages. In addition, RAB5C and 
TRIM32 expression had strong association with B-cells 
and natural killer cells, respectively (Figure 5). Given the 
important role of LCP2 in the immune system, we focused 
our efforts on investigating LCP2 in the subsequent studies.

Figure 2. Univariate survival analysis for DEGs in TCGA data set.
DEGs: Differentially expressed genes; TCGA: The Cancer Genome Atlas.
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Figure 3. Identification of prognostic gene signature. (A) The identified prognostic gene signature in LASSO model. (B) Correlations among identified 
prognostic genes. (C) Multivariate analysis for the association between PIS and OS after adjusting for covariates. (D) Multivariate analysis for the association 
between PIS and DFS after adjusting for covariates.
PIS: Prognostic immune score; OS: Overall survival.
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3.5. LCP2 inhibited the growth of melanoma 
possibly through the positive regulation of IRF5 
signaling pathway to activate CD8+ T-cells

To determine the function of LCP2 in melanoma, we 
established the LCP2 knockdown mouse tumor model. 
At first, we validated the knockdown efficacy of LCP2 in 
B16F10 cell through RT-qPCR (Figure 6A). It was obvious 
to see that knockdown of LCP2 significantly promoted 
the tumor growth (Figure  6B–D) in wild-type mice but 
had no effect on tumor sizes in nude mice, indicating 
the negative correlation between LCP2 and melanoma 
growth, as well as the importance of LCP2 in the tumor 
immune microenvironment (Figure  6E). Furthermore, 
flow cytometry analysis of shLCP2 melanoma cells showed 
no significantly changes of CD4+ and CD8+ T-cells, but 
remarkable reduction of Granzyme B-positive cells, 
which implied that LCP2 loss decreased the activity of 
CD8+ T-cells and led to the promotion of tumor growth 
(Figure 6F–J). Moreover, to further explore the underlying 
mechanism of LCP2 regulating the activity of CD8+ 
T-cells, DEGs between shLCP2 group and control group 
were analyzed. In total, 846 DEGs were found with 
P  <  0.05 and |foldchange|  >  1, among which 407 DEGs 
were upregulated and 439 DEGs were downregulated. The 

volcano plot of DEGs showed that the IRF5 was significantly 
downregulated in the shLCP2 group (Figure 6K). All the 
DEGs in this part are listed in Table S4. Similar result was 
also noted in RT-qPCR experiment (Figure 6L), suggesting 
that LCP2 may positively regulate the IRF5 signaling 
pathway to activate CD8+ T-cells and then inhibit the 
growth of melanoma (Figure 6M).

4. Discussion
Melanoma is known to be the most lethal type of skin 
cancer. The advent of immunotherapy has revolutionized 
the status of clinical therapies of melanoma, which 
brought new hope to these patients. However, only a small 
proportion of patients are responders. Therefore, novel 
prognostic and immune-related biomarkers are urgently 
needed to guide the development of melanoma treatments. 
In the present study, RNA-seq data of cutaneous melanoma 
from the public database were used for identifying 
prognostic gene signatures. KEGG pathway enrichment 
analysis showed that 47 DEGs were significantly involved 
in lysosome, B-cell receptor signaling pathways, T-cell 
receptor signaling pathway, and Fc epsilon RI signaling 
pathway, indicating that these signaling pathways play an 
important role in melanoma.
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Figure 4. Survival curves for high- and low-risk patients based on PIS. (A) Survival curves for DMFS in GSE65904 data set. (B) Survival curves for OS in 
GSE65904 data set. (C) Survival curves for DFS in TCGA data set. (D) Survival curves for OS in TCGA data set.
PIS: Prognostic immune score; OS: Overall survival; DMFS: Distant metastasis-free survival; DFS: Disease-free survival; TCGA: The Cancer Genome Atlas.
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Furthermore, ten (BLNK, CD81, CLEC4E, CPPED1, 
IL18, ISG20, LCP2, MGRN1, RAB5C, and TRIM32) out 
of the 47 DEGs were statistically significant in predicting 
the OS in univariate Cox proportional hazards models 
and LASSO model in TCGA data set. Our results revealed 
that elevated expression of CD81, IL18, MGRN1, RAB5C, 
and TRIM32 were associated with worse OS in melanoma 
patients, and elevated expression of BLNK, CLEC4E, 
CPPED1, ISG20, and LCP2 were associated with better 
prognosis in melanoma patients. The PIS was calculated 
based on the linear combination of the expression of 
selected ten genes, and the PIS was statistically significant 
in predicting OS and DFS in melanoma patients after 
adjusting for several clinical covariates.

At present, numerous studies have reported the 
important roles of various tumor-infiltrating immune cells 
in melanoma[25-28]. To investigate the association between 
the selected ten prognostic genes and tumor-infiltrating 
immune cells, we applied CIBERSORT to TCGA data set 
and obtained 22 distinct TAL subsets, and used Spearman’s 
rank correlation to analyze the correlation between each 

identified prognostic gene and the specific TAL. We found 
that these identified prognostic genes were mainly correlated 
with CD8+ T cells, Treg cells, B cells, M0 macrophages, and 
natural killer cells. It is worth noting that the expression 
level of LCP2 was positively associated with CD8+ T-cells.

A few studies have shown that LCP2 was differentially 
expressed in many different types of tumors and was 
correlated with prognosis in numerous cancers[10-12]. 
Moreover, LCP2 was reported essential for normal T-cell 
development and activation[14]. In our present study, the 
bioinformatics analyses revealed that high LCP2 expression 
in melanoma patients was statistically significant for 
predicting the OS in univariate Cox proportional hazards 
models in TCGA data set and was associated with better 
prognosis in melanoma patients. In addition, we found 
that LCP2 expression was significantly positively correlated 
with CD8+ T-cells, indicating that LCP2 could be a potential 
immunotherapy target. Moreover, given the important role 
of LCP2 in the immune system as reported in numerous 
published studies, we hence focused our efforts on 
investigating LCP2 in the subsequent studies. The in vivo 
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Figure 5. Association between identified prognostic genes and TAL subsets and melanoma.
TAL: Tumor-associated leukocyte.

experiment showed that knockdown of LCP2 significantly 
promoted the progression of melanoma in wild-type mice 
but had no effect on tumor sizes in nude mice, indicating the 
negative correlation between LCP2 and melanoma growth, 
as well as the importance of LCP2 in the tumor immune 
microenvironment. The result of flow cytometry analysis 
directly confirmed the positive correlation between LCP2 
expression and CD8+ T-cell activity. However, the pathway 
by which LCP2 regulates T-cell activity is unknown.

To explore the mechanism through which LCP2 
regulates T-cell activity, DEGs of shLCP2 group versus 
control group were analyzed in this study, and we found 
that IRF5 expression was significantly downregulated. 
Interferon regulatory factors (IRFs) are transcriptional 
mediators of type 1 interferon signaling pathway induced 
by pathogens and viruses, which are also involved in 
immune response, apoptosis, cell growth regulation, and 
oncogenesis[29-31]. Some members of the IRFs have been 
shown to be involved in regulating development and 
function of the immune cells[32-34]. IRF5, as a member of IRFs, 
has been reported to play a key role in immune regulation 
of autoimmune diseases and inflammatory responses, 
which therefore attracted much attention in recent years. 
In addition, it has been revealed that IRF5 is involved in the 

activation of inflammatory cytokines and chemokines that 
are important for recruitment of T-cells[35,36]. Moreover, 
the intratumoral IRF5 deletion in breast cancer cells 
dysregulated secretion of many chemokines and cytokines, 
leading to the inaccurate and untimely transport of immune 
cells to the tumor sites[37]. Takaoka et al. found that Irf5 

knockout mice were unable to secrete proinflammatory 
cytokines (such as tumor necrosis factor α [TNF-α], IL-6, 
and IL-12), and exhibited resistance toward endotoxic 
shock induced by lipopolysaccharide, indicating that IRF5 
was generally involved in the downstream of TLR-MyD88 
signaling pathway and induced the gene expression of 
proinflammatory cytokines[38]. Moreover, studies have 
shown that most of the chemokines induced by virus in 
cells showed lymphocyte chemotactic activity in the case 
of overexpression IRF5[35], which therefore were significant 
for T-lymphocyte recruitment, indicating a possible key 
role of IRF5 in lymphocyte trafficking. Therefore, we 
speculated the key bridge linking of IRF5 between LCP2 
and CD8+T-cell. In our study, the expression of IRF5 was 
remarkably decreased in LCP2 knockdown B16F10 cells. 
Taking together, we speculated that high expression of 
LCP2 in melanoma upregulated the IRF5 expression and 
IRF5 then mediated the secretion of proinflammatory 
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Figure 6. Analysis of underlying mechanism of LCP2 knockdown suppressing the growth of melanoma. (A) RT-qPCR analyses of LCP2 in 
control and LCP2 knockdown (shLCP2) B16F10 cells (n = 3). (B) B16F10 cells and shLCP2 B16F10 cells (106) were injected subcutaneously 
into C57BL/6 mice. Tumor volume was measured every 5  days and calculated using this formula: (length×width2)/2. (C) Representative 
tumors were resected and photographed at day 20. Tumor volume in C57BL/6 mice (D) and in BALB/c nude mice € were recorded at day 20 
(n = 6 in C57BL/6 mice group, n = 5 in BALB/c nude mice group). Flow cytometry analyses (F) and quantitative analyses of CD4+ (G) and 
CD8+ cells (H), and flow cytometry (I) and quantitative analysis of Granzyme B-positive (GZMB+) cells (J) in the melanoma tumor from 
immunocompetent wild-type BALB/c mice with subcutaneous injection of shLCP2 and control B16F10 cells. (K) Volcano plot of DEGs shared 
between control group and shLCP2 group (significantly upregulated genes are denoted by red nodes; significantly downregulated genes are 
denoted by blue nodes). (L) RT-qPCR analyses of IRF5 in control and shLCP2 B16F10 cells (n = 3). (M) A schematic diagram showing the 
hypothetical mechanism of high LCP2 expression positively regulating IRF5 signaling pathway to activate tumor-infiltrating CD8+ T cells and 
then inhibit the growth of melanoma. Tukey’s multiple comparison or Student’s t-test was used to calculate p values for results shown in this 
figure.
ns: Not significan; *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; LCP2: Lymphocyte cytosolic protein 2; RT-qPCR: Real time-quantitative polymerase 
chain reaction; DEGs: Differentially expressed genes; IRF5: Interferon regulatory factor 5.
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cytokines and chemokines to activate CD8+ T lymphocytes, 
which finally suppressed the growth of melanoma.

5. Conclusions
LCP2 is a novel prognostic biomarker of melanoma, which 
could positively regulate the IRF5 signaling pathway to 
activate tumor-infiltrating CD8+ T-cells and then inhibit 
the growth of melanoma. Nevertheless, it is important to 
point out that there are some limitations in our study. First, 
the potential association between LCP2 and IRF5 is unclear, 
which needs to be systematically and deeply explored 
in vitro and in vivo. Second, more public data on melanoma 
patients who received immunotherapy should be included 
for bioinformatics analysis in this study to investigate 
prognostic significance of LCP2 in these patients.
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