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Abstract
Introduction: The aim of this study was to identify important genes associated with melanoma for further
development of new target gene therapies and to analyze their signi�cance in relation to prognosis.

Materials and methods: Gene expression data for melanoma and normal tissue were downloaded from
three databases. Differentially co-expressed genes were identi�ed by WGCNA and DEGs analysis. These
genes were subjected to GO and KEGG enrichment analysis as well as construction of the PPI, visualized
with Cytoscape, and screened for the top 10 Hub genes using CytoHubba. We veri�ed the protein levels of
the Hub gene using the HPA database.

Results: A total of 435 differentially co-expressed genes were obtained. Survival curves showed that high
expression of FOXM1, EXO1, KIF20A, TPX2 and CDC20 in melanoma patients with 5 of the top 10 hub
genes was associated with reduced overall survival (OS). The HPA database results showed that FOXM1,
KIF20A, TPX2 and CDC20 showed upregulated expression in melanoma compared to normal tissues.

Conclusion: FOXM1, KIF20A, TPX2, and CDC20 are prognosis-associated core genes of melanoma, and
their high expression correlates with low prognosis of melanoma patients, and can be used as
biomarkers for melanoma diagnosis, treatment, and prognosis prediction.

Introduction
Melanoma, a highly malignant tumor originating from melanocytes, most commonly occurs in the skin
and can evolve from a congenital benign cell nevus or develop from a dysplastic nevus. According to a
2014 article on the epidemiology of melanoma: men are about 1.5 times more likely to develop
melanoma than women; the development of malignant melanoma may be associated with changes in
external environmental factors (e.g., UV exposure)[1]. In the past few years, the main means of treating
melanoma have included: surgery, medication, and radiation therapy[2]. A review of the literature on
microsurgery versus extensive local excision for melanoma showed that after controlling for potential
confounding variables, patients treated for melanoma with microsurgery were more likely to be alive at
�ve years than those treated for melanoma with extensive local excision[3]. Despite the many treatment
options for melanoma, patient survival is still limited.

In recent years, with the rapid development of bioinformatics technology, bioinformatics has become
increasingly popular for studying the molecular mechanisms of diseases and discovering disease-
speci�c biomarkers that are increasingly being used to diagnose and treat diseases accurately[4–6].
Weighted gene co-expression network analysis (WGCNA), one of the bioinformatics analysis methods,
describes co-expression patterns between genes in microarray samples, providing new insights for
predicting the function of co-expressed genes and the development of diseases[7]. Differentially
expressed genes(DEGs) are widely used in cancer research and are an excellent method for cancer
research[8–10]. It provides a genomics-based method for discovering changes in gene expression levels
between experimental and control groups[11]. We could look for potential disease-related biomarkers in
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genes with signi�cant differences in gene expression. Thus, we have combined the two approaches by
combining genes from relevant modules obtained by the WGCNA method with differentially expressed
genes to enhance the discrimination of genes that are expected to be candidate markers of disease.

In this study, to obtain co-expression genes for melanoma, we analyzed melanoma mRNA expression
data downloaded from the UCSC database and the GEO database by the WGCNA method and the
differential expression gene method. We further identi�ed and validated potential melanoma biomarkers
by protein-protein functional interaction network (PPI), survival analysis, and HPA database
immunohistochemical staining validation.

Materials And Methods
1. Data Download

Gene expression data for melanoma were downloaded from UCSC Xena (http://xena.ucsc.edu/) and the
GEO database (https://www.ncbi.nlm.nih.gov/gds/). Furthermore, we downloaded all the data and
corresponding clinical information on melanoma from the UCSC Xena database free of charge. Data
downloaded from the UCSC Xena database contained 471 melanoma samples; gene expression data for
813 normal skin samples were downloaded from the GTEx database
(https://www.gtexportal.org/home/); the number of melanoma cases for which all clinical information
was complete was 322. In total, 55,188 genes were included in our acceptance of our subsequent
analysis. On the other hand, we downloaded melanoma sample GSE3189 from the GEO database, a
dataset containing 45 melanoma samples, 18 nevus samples, and 7 normal skin samples[12]. We
removed 18 moles from the sample. This dataset was studied using the platform GPL96 [HG-U133A]
Affymetrix Human Genome U133A Array. Based on the manufacturer’s annotation �les, we converted the
probe �les into gene symbols and removed duplicate probes, all expression data were transformed by
log2, and the data were standardized. Eventually, a total of 12,549 genes were included for our
subsequent analysis.

2. Using WGCNA to identify key co-expression modules
WGCNA is a framework for establishing and analyzing weighted gene co-expression networks and is a
widely used bioinformatics analysis method that uses the interrelationship between two variables to
study biological networks. In this study, all statistical analysis operations were performed based on R
(x64 version 4.0.2). We used the R package (WGCNA) to construct a gene co-expression network from the
gene expression data of melanoma from UCSC Xena and the gene expression data of melanoma data of
GSE3189 from the GEO database[7]. To construct the scale-free network, we use the R command:
softPower = sft$powerEstimate, which commands R to automatically select the optimal power value,
which ends up with a soft threshold of 12 for the UCSC Xena database and 5 for the GEO database. We
then construct the adjacency matrix by the following formula: aij = power (𝑆𝑖𝑗, β) = |𝑆𝑖𝑗|^β (aij denotes the
adjacency matrix between gene i and gene j; 𝑆𝑖𝑗 denotes a similarity matrix completed by Pearson
correlations for all gene pairs.; β denotes the soft threshold). Subsequently, we calculated the degree of
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dissimilarity between the nodes and converted the adjacency matrix into a TOM matrix. After that, we
identi�ed gene networks/modules using a dynamic shear tree algorithm. We correlated previously
computed module features with clinical features to further investigate the co-expression network’s
functional modules. As a result, the modules that were subsequently selected were closely correlated with
clinical features and were selected by us for subsequent analyses. More more detailed methods have
been elucidated in detail by previous researchers[7].

3. Identi�cation of differentially expressed genes and selection of signi�cantly expressed modules
We used the R package (Limma) to perform differentially expressed genes (DEGs) analysis on gene
expression data from both databases[13]. To identify DEGs between melanoma and normal tissues, we
performed the differential analysis of gene expression matrices from the two databases using the limma
package, respectively. cut off value was set to |logFC|>=1, adjusted P-value < 0.05. We then used the R
package (pheatmap) to construct heat maps of the DEGs �ltered from the two databases; and the R
package (ggplot2) to plot the DEGs volcanoes. Next, co-expression genes extracted from the co-
expression network overlapped with DEGs were used to identify potential prognostic genes. The
overlapping portions of genes were used for subsequent analysis using the R package (VeenDiagram)
[14]to visualize and plot the genes’ overlapping portions into Veen diagrams.

4. GO enrichment analysis and KEGG pathway enrichment analysis of target genes
To explore the overlapping parts of Gene Ontology (GO)[15] and KEGG pathway enrichment analysis[16],
we used the R package (clusterPro�ler, org.Hs.eg.db, enrichplot, ggplot2)[17] for analysis and
visualization. The cut off value is set to p-value < 0.05. The GO enrichment analysis consists of three
main panels, namely Cellular component (CC), Biological process (BP), and Molecular function (MF).
KEGG pathway enrichment analysis was mainly enriched in Melanoma, Transcriptional misregulation in
cancer.

5. Construction of protein-protein interaction networks and screening of Hub genes.

We used the STRING (https://string-db.org/)[18] online database to construct protein-protein interaction
(PPI) networks for overlapping partial genes. Subsequently, the resulting PPI network is imported into
Cytoscape (v3.8.0) to visualize the PPI. We used a plugin in Cytoscape (CytoHubba)[19] to �nd Hub genes
in these genes. We used the MCC algorithm, and the top 10 genes obtained to the MCC algorithm were
used as the central genes for our study.

6. The relationship between Hub genes and prognosis, and their expression in various subgroups
In this study, to verify Hub genes’ reliability, we used information from patients whose clinical information
was complete for survival analysis. All patients were divided into two groups based on Hub genes’
median expression value, with patients greater than or equal to the median value assigned to the high
expression group and patients less than the median value assigned to the low expression group. We
plotted the Kaplan-Meier univariate survival analysis of overall survival (OS) using the R package
(survival, survminer) for the top 10 hub genes. Subsequently, we analyzed the top 10 Hub genes
concerning disease-free survival using the online database GEPIA2 (http://gepia.cancer-pku.cn/). After
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that, we explored the differential expression of Hub genes in cancer and normal tissues, plotting each
Hub genes’ expression levels in different subgroups between cancer and normal tissues as a box line
graph.

7. The HPA database validates the protein expression of Hub genes associated with survival
We used the immunohistochemical staining (IHC) section of The Human Protein Atlas (HPA,
https://www.proteinatlas.org/) database to identify genes’ protein expression between melanoma and
normal tissues.

Results
1. Construction of weighted gene co-expression modules

To identify modules associated with prognosis in patients with melanoma, we performed gene co-
expression network analysis of gene expression matrices from the UCSC Xena database and GSE3189
using the WGCNA package. There are six co-expression modules constructed from UCSC Xena database
expression data (Fig. 1.A) and seven co-expression modules constructed from GSE3189 (Fig. 2.A), not
including the grey module cluster to which it is assigned. We developed a heat map module features’
relationship, which was used to assess each co-expression module’s relationship with two clinical
features (normal and cancer). The two modules’ features are shown in Fig. 1.B and Fig. 2.B. From the
pictures, we can �nd that the highest correlation between the magenta module in UCSC Xena and the blue
module in GSE3189 and normal organization (magenta module: r=-0.98, P-value < 1e-200; blue module:
r=-0.96, P-value < 1e-200).

2. Identi�cation of DEGs and gene identi�cation with co-expression modules
We set the cut-off value for DEGs as |logFC|>=1, adjusted P-value < 0.05, and a total of 6609 DEGs were
identi�ed in the UCSC Xena dataset; heat maps and volcanoes of DEGs are shown in Fig. 3; 6223 DEGs
were identi�ed in the GSE3198 dataset; heat maps and volcanoes of differential genes See Fig. 4. Genes
from the magenta module in UCSC Xena and genes from the blue module in GSE3189, as well as DEGs
from both databases, yielded a total of 435 overlapping genes extracted for subsequent analysis (Fig. 5).

3. GO enrichment analysis of 435 genes and KEGG pathway enrichment analysis
We performed GO enrichment analysis, and KEGG pathway enrichment analysis further explores the 435
genes’ potential functions in the overlapping sections. We learned from the GO enrichment analysis that
BP was primarily enriched in neutrophil degranulation and neutrophil activation involved in the immune
response. CC was mainly enriched in vacuolar and lysosomal membranes. MF was mainly enriched in
histone deacetylase binding and integrin-binding (Fig. 6.A). KEGG pathway enrichment analysis was
mainly distributed in the melanoma, Transcriptional misregulation in cancer, and Mismatch repair
pathways (Fig. 6.B).

4. PPI construction and Hub gene identi�cation
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We imported 435 genes from the overlapping parts into the STRING online database to obtain the PPI
network. Subsequently, the PPI network was imported into Cytoscape software to visualize the PPI
(Fig. 6.A) using the MCC algorithm in the CytoHuba plugin to �lter the top 10 Hub genes from the PPI
network (Fig. 6.B). We ranked the top 10 Hub genes based on their MCC algorithm scores, which were
Aurora Kinase B(AURKB),Exonuclease 1 EXO1 Kinesin Family Member 20A KIF20A TPX2 Microtubule
Nucleation Factor TPX2 , Assembly Factor For Spindle Microtubules(ASPM), Mitotic Arrest De�cient 2
Like 1 MAD2L1 , Forkhead Box M1(FOXM1), Cell Division Cycle 20(CDC20), Non-SMC Condensin I
Complex Subunit H(NCAPH), Baculoviral IAP Repeat Containing 5(BIRC5).

5. Prognostic value of Hub genes and validation of protein expression
We further analyzed the top 10 Hub genes (AURKB, EXO1, KIF20A, TPX2, ASPM, MAD2L1, FOXM1,
CDC20, NCAPH, BIRC5) that were screened by the CytoHubba plugin. We analyzed the relationship
between the top 10 Hub genes and prognosis separately and plotted univariate survival curves for overall
survival using the R package based on the Kaplan-Meier method. Kaplan-Meier analysis showed (Fig. 8)
that 5 of the top 10 Hub genes (FOXM1, EXO1, KIF20A, TPX2, CDC20) were signi�cantly correlated with
prognosis (p < 0.01), and that the relationship between all �ve hub genes and the prognosis of melanoma
patients was such that high expression of the gene was accompanied by low patient Prognosis.
Subsequently, we plotted the disease-free survival of the top 10 Hub genes using the GEPIA2 database
(Fig. 9) and found that none of the differences were statistically signi�cant (P-value > 0.05). In addition,
we validated the four genes with the most signi�cant differences in survival analysis (FOXM1, KIF20A,
TPX2, CDC20) according to the HPA database, and the protein levels of FOXM1, KIF20A, TPX2, and
CDC20 were increased in melanoma tissues compared with normal tissues (Fig. 11). Unfortunately, EXO1
was unable to �nd corresponding evidence in the HPA database to identify protein expression of genes
between melanoma and normal tissues. Therefore, we con�rmed by the above observations that high
expression of FOXM1, EXO1, KIF20A, TPX2, and CDC20 is associated with poor prognosis and reduced
overall survival in melanoma patients (Fig. 8.F, G, J, D). Subsequently, we veri�ed the expression levels of
Hub genes in the UCSC Xena database (Fig. 10).

Discussion
Melanoma is associated with many factors, is more common in light-skinned races, and has a family
history of occurrence. Although melanoma treatment has improved from before, the prognosis for
melanoma patients is low due to the lack of precise molecular markers. Therefore, there is an urgent need
to identify better and more accurate biomarkers to utilize in the prognosis, diagnosis, and treatment of
melanoma. In our study, we used integrated bioinformatics to analyze a total of 435 important genes with
co-expression trends identi�ed in the UCSC Xena,GTEx database and the GSE3189 database. These
genes were subjected to GO enrichment analysis based on the R package (clusterPro�ler), mainly
enriched in neutrophil activation involved in immune response, stem cell divisio, and melanosome. As
early as 2011, it was noted that there might be a close relationship between neutrophil activation and
cancer[20]. Moreover, the relationship between the stem cell divisio and melanosome and cancer has also
been reported in the literature[21, 22]. Similarly, these genes were subjected to KEGG pathway enrichment
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analysis based on the R package (clusterPro�ler), and the enrichment results showed that these genes
were associated with various cancer pathways, including melanoma, endometrial cancer, prostate cancer,
etc.; they were also enriched in transcriptional dysregulation pathways in cancer. In humans,
dysregulation of genes such as cofactors and chromatin can lead to many diseases[23]. These genes are
even enriched in the melanoma pathway, suggesting that these genes are strongly associated with
melanoma. Besides, we screened for the top 10 hub genes associated with melanoma based on how the
MCC score was calculated for the CytoHubba plugin in Cytoscape. We also found by analyzing the
survival of melanoma patients corresponding to high and low expression of these genes that �ve of the
top 10 hub genes were strongly associated with survival, and all showed that high expression of the
genes was associated with a low prognosis in melanoma patients. Finally, we performed
immunohistochemical analysis using the HPA database and showed that all four genes showed
increased expression in melanoma tumor tissues, whereas their expression was not evident in normal
tissues.

FOXM1, also known as Forkhead Box M1, is a gene that encodes a protein that is a transcriptional
activator involved in cell proliferation. FOXM1 acts downstream of the PI3K-AKT pathway, the Ras-ERK
pathway, the JNK/p38MAPK signaling cascade, and is essential for cell proliferation, differentiation,
senescence, DNA damage and repair, and control of the cell cycle[24]. It has also been reported that
FOXM1 was overexpressed in a variety of human cancers and that the oncogenic potential of this gene is
based on its ability to reactivate target genes involved in different stages of cancer development[25]. It
has been shown that the positive feedback of FOXM1 promotes the growth and invasion of gastric
cancer and that FOXM1 promotes gastric cancer progression by interacting with PVT1[26]. FOXM1 has
also been reported in non-serious epithelial ovarian carcinoma: FOXM1 was upregulated in all epithelial
ovarian cancers[27]. In addition, it has been shown that the FOXM1-PSMB4 axis can play a catalytic role
in the proliferation and development of cervical cancer[28]. More surprisingly, FOXM1 plays a vital role in
many other cancers[29–32]. In our study, FOXM1 was upregulated in tumor tissues compared to normal
tissues, suggesting a signi�cant correlation with melanoma. Previous studies have shown that higher
levels of FOXM1 in tumor tissues have been strongly associated with poor prognosis in melanoma
patients, consistent with our study[33–35]. Kinesin Family Member 20A (KIF20A) is also a protein-
encoding gene, and what is known about the diseases associated with this gene is mainly familial
restriction Familial Isolated Restrictive Cardiomyopathy and Charcot- Marie-Tooth Disease, Type 4C.
Research has also been conducted on the role of this gene in cancer. It has been reported that patients
with bladder cancer with high expression of KIF20A have poorer tumor stages and that KIF20A promotes
metastasis and proliferation of bladder cancer cells[36]. Also, it has been shown that skin tumor
thickness in KIF20A-positive patients with primary melanoma is signi�cantly greater than skin tumor
thickness in patients negative for this gene and that KIF20A-positive patients are more likely to relapse
earlier[37]. It is well known that while tumor recurrence has a very signi�cant relationship with patient
prognosis, this indirectly suggests that KIF20A is associated with survival in melanoma patients, which is
consistent with the results of our study. The TPX2 Microtubule Nucleation Factor (TPX2) is a protein-
coding gene. The main diseases known to be associated with the TPX2 gene include Capillary Leak
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Syndrome and Colorectal Cancer. It has been shown that activation of TPX2 expression increases the
invasion and proliferation of cervical cancer, promoting cancer development[38]. A study of TPX2 in
esophageal cancer showed that the 5-year survival rate of esophageal cancer patients with concomitant
high TPX2 expression levels was signi�cantly lower than that of esophageal cancer patients with low
TPX2 expression levels[39]. Interestingly, in our study, patients with high TPX2 expression of melanoma
had a relatively shorter overall survival than patients with low expression. Cell Division Cycle 20 (CDC20)
is also a protein-coding gene. The main diseases known to be associated with this gene are Ceroid
Lipofuscinosis, Neuronal, 2. Back in 2015, there were reports that CDC20 could be used as a novel cancer
treatment modality[40]. In hepatocellular carcinoma, the upregulation of CDC20 expression predicted a
decline in overall survival and disease-free survival[41]. In our study, melanoma patients with high
expression of CDC20 had a lower survival time than patients with low expression. In summary, the
expression of the four hub genes we studied were all strongly associated with cancer, and in our study,
high levels of expression of these genes were accompanied by shorter survival times for melanoma
patients.

Our study, like others, has limitations regarding the different tumor types. Although we identi�ed potential
prognostic genes between melanoma and normal tissue using three different sources of databases with
two different bioinformatics analyses, it was less accurate for each of the different subtypes of
melanoma patients. Furthermore, EXO1 failed to �nd corresponding evidence in the HPA database to
identify protein expression of genes between melanoma and normal tissues. The Hub genes associated
with survival that can in�uence melanoma patients’ prognosis should be further validated by a series of
experiments on molecular mechanisms.

In conclusion, by combining the WGCNA analysis method with differentially expressed gene analysis, our
study identi�ed the genes FOXM1, KIF20A, TPX2, and CDC20, which are highly correlated with survival
melanoma patients and have the potential to serve as a prognostic biomarker in melanoma.

Conclusions
FOXM1, KIF20A, TPX2, CDC20 are core melanoma prognostic genes, and their high expression is strongly
associated with low prognosis in melanoma patients.FOXM1, KIF20A, TPX2, CDC20 can be used as
biomarkers for melanoma diagnosis, treatment, and prognosis prediction.

List Of Abbreviations
Weighted gene co-expression network analysis: WGCNA

Differentially expressed genes: DEGs

protein-protein functional interaction network: PPI

Gene Ontology: GO
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Cellular component: CC

Biological process: BP

Molecular function: MF

overall survival: OS
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Figure 1

Heat map and volcano map of DEGs from the UCSC Xena database. (A) Heat map of the top 50 up-
regulated and top 50 down-regulated DEGs obtained from the identi�cation. The red part indicates up-
regulated genes, and the green part indicates down-regulated genes. (B) Volcano plot with cut off value
set to |logFC|>1,P-value<0.05. Red dots indicate up-regulated genes, green dots indicate down-regulated
genes, and black represents non-signi�cant genes.
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Figure 2

Heat map and volcano map of GSE3189. (A) Heat map of the top 50 up-regulated and top 50 down-
regulated DEGs obtained from the identi�cation. The red part indicates up-regulated genes, and the green
part indicates down-regulated genes. (B) Volcano plot with cut off value set to |logFC|>1,P-value<0.05.
Red dots indicate up-regulated genes, green dots indicate down-regulated genes, and black represents
non-signi�cant genes.
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Figure 3

Identi�cation of modules associated with clinical information in the UCSC Xena database. (A) Clustered
tree diagram of co-expression network modules sorted by gene-level clustering of matrices obtained by
Equation 1-TOM. Each color represents a different co-expressed gene. (B) Relationship diagram of the
features of the modules. Each row corresponds to a color module, and each column corresponds to a



Page 17/24

clinical feature (normal and cancer). Each cell contains the correlation and P-value of the corresponding
module.

Figure 4

Identi�cation of modules related to clinical information in the GSE3189 database. (A) Clustered tree
diagram of co-expression network modules sorted by gene-level clustering of matrices obtained by
Equation 1-TOM. Each color represents a different co-expressed gene. (B) Relationship diagram of the
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features of the modules. Each row corresponds to a color module, and each column corresponds to a
clinical feature (normal and cancer). Each cell contains the correlation and P-value of the corresponding
module.

Figure 5

The veen plots between DEGs and co-expression modules. Geo_blue indicates the most signi�cant
module identi�ed by WGCNA analysis of GSE3189; UCSC Xena_diff indicates DEGs identi�ed by the
UCSC Xena database; UCSC Xena_magenta indicates DEGs identi�ed by WGCNA analysis The most
signi�cant modules out; GEO_diff indicates DEGs identi�ed by GSE3189.
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Figure 6

GO enrichment analysis and KEGG pathway enrichment analysis of DEGs. (A) shows the GO enrichment
analysis of DEGs; (B) shows the DEGs’ KEGG pathway enrichment analysis.
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Figure 7

Protein-protein interaction (PPI) network diagram of DEGs and visualization of the Hub gene. (A) shows
the PPI network diagram derived from the STRING input library; (B) shows the Hub gene identi�ed by
Cytohubba.
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Figure 8

Overall survival (OS) analysis of the top 10 Hub genes in melanoma patients from the UCSC Xena
database. (A) Survival analysis of ASPM in melanoma. (B) Survival analysis of AURKB in melanoma. (C)
Survival analysis of BIRC5 in melanoma. (D) Survival analysis of CDC20 in melanoma. (E) Survival
analysis of EXO1 in melanoma. (F) Survival analysis of FOXM1 in melanoma. (G) Survival analysis of
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KIF20A in melanoma. (H) Survival analysis of MAD2L1 in melanoma. (I) Survival analysis of NCAPH in
melanoma. (J) Survival analysis of TPX2 in melanoma.

Figure 9

Disease-free survival (DFS) analysis of the top 10 Hub genes in melanoma patients from the GEPIA2
database. (A) Survival analysis of ASPM in melanoma. (B) Survival analysis of AURKB in melanoma. (C)
Survival analysis of BIRC5 in melanoma. (D) Survival analysis of CDC20 in melanoma. (E) Survival
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analysis of EXO1 in melanoma. (F) Survival analysis of FOXM1 in melanoma. (G) Survival analysis of
KIF20A in melanoma. (H) Survival analysis of MAD2L1 in melanoma. (I) Survival analysis of NCAPH in
melanoma. (J) Survival analysis of TPX2 in melanoma.

Figure 10

Validation of the expression levels of the top 10 Hub genes in melanoma and normal tissues from the
UCSC Xena database in patients developing metastases and patients with primary tumors. (A)
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Expression levels of ASPM in the metastatic and primary groups in melanoma. (B) Expression levels of
AURKB in the metastatic and primary groups in melanoma. (C) The expression level of BIRC5 in the
metastatic and primary melanoma groups. (D) The expression level of CDC20 in the metastatic and
primary groups of melanoma. (E) Expression levels of EXO1 in the metastatic and primary groups in
melanoma. (F) Expression levels of FOXM1 in the metastatic and primary melanoma groups. (G)
Expression levels of KIF20A in the metastatic and primary melanoma groups. (H) The expression level of
MAD2L1 in the metastatic and primary groups in melanoma. (I) The expression level of NCAPH in the
metastatic and primary melanoma groups. (J) The expression level of TPX2 in the metastatic and
primary groups of melanoma.

Figure 11

Immunohistochemical staining (IHC) validation of the HPA database for CDC20, FOXM1, KIF20A, and
TPX2. (A) IHC staining of CDC20 in normal skin, no. CAB004525. (B) IHC staining of CDC20 in melanoma,
no. CAB004525. (C) IHC staining of FOXM1 in normal skin, no. CAB017832. (D) IHC staining of FOXM1 in
melanoma, no. CAB017832. (E) IHC staining for KIF20A in normal skin numbered HPA036910. (F) IHC
staining for KIF20A in melanoma numbered HPA036910. (G) IHC staining for TPX2 in normal tissue
numbered HPA005487. (H) IHC staining for TPX2 in melanoma. No. HPA005487.


