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Melanoma is an excellent model to study molecular mechanisms of tumor progression

because melanoma usually develops through a series of architecturally and phenotypically

distinct stages that are progressively more aggressive, culminating in highly metastatic cells.

In this study, we used an in-depth, 3-D protein level, comparative proteome analysis of two

genetically, very closely related melanoma cell lines with low- and high-metastatic potentials

to identify proteins and key pathways involved in tumor progression. This proteome

comparison utilized fluorescent tagging of cell lysates followed by microscale solution IEF

prefractionation and subsequent analysis of each fraction on narrow-range 2-D gels. LC-MS/

MS analysis of gel spots exhibiting significant abundance changes identified 110 unique

proteins. The majority of observed abundance changes closely correlate with biological

processes central to cancer progression, such as cell death and growth and tumorigenesis. In

addition, the vast majority of protein changes mapped to six cellular networks, which

included known oncogenes (JNK, c-myc, and N-myc) and tumor suppressor genes (p53 and

transforming growth factor-b) as critical components. These six networks showed substantial

connectivity, and most of the major biological functions associated with these pathways are

involved in tumor progression. These results provide novel insights into cellular pathways

implicated in melanoma metastasis.
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1 Introduction

Melanoma is a cancer of the neural crest-derived cells that

provide pigmentation to skin and other tissues. Cutaneous

melanoma is one of the most aggressive human tumors with

rapid metastatic spread, and this cancer has one of the highest

rates of increased incidence over the past several decades.

Early-stage melanoma is curable, but the prognosis of indivi-

duals with metastatic melanoma is poor, with a 5-year survival

rate of approximately 12% [1]. Consequently, the identification

of important molecular events involved in the progression of

metastatic melanomas is of great clinical significance.

However, despite advances made in skin cancer detection and

diagnosis, there are no standard biological assays in clinical

use that can predict reliably the presence of micrometastases.

The recent advent of comparative large-scale gene

expression techniques, such as differential hybridization [2],

RNA fingerprinting [3], serial analysis of gene expressionAbbreviations: IL-1b, interleukin-1b; JNK, c-Jun N-terminal

kinase; MAGE, melanoma antigen gene; MCM, microchromo-

some maintenance; MicroSol-IEF, microscale solution IEF; TGF-

b, transforming growth factor-b; uPA, urokinase plasminogen

activator

�Additional corresponding author: Dr. Mee-Jung Han

E-mail: mjhan75@dyu.ac.kr

Correspondence: Dr. David W. Speicher, The Wistar Institute,

3601 Spruce Street, Philadelphia, PA 19104, USA

E-mail: speicher@wistar.org

Fax: 11-215-898-0664

& 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.proteomics-journal.com

4450 Proteomics 2010, 10, 4450–4462DOI 10.1002/pmic.200900549



(SAGE) [4], and cDNA microarray technology [5–7] has

provided some insights into molecular mechanisms asso-

ciated with the development and progression of malignant

diseases, including melanoma. Consequently, several genes,

such as secreted acidic cysteine-rich glycoprotein (SPARC),

macrophage migration inhibitory factor (MIF), cathepsin Z

(CTSZ) [3], lysophosphatidic acid receptor Edg-2 (EDG2) [6],

and ras homolog gene family, member C (RhoC) [7], have

been identified as potential markers of metastatic melano-

mas. However, the phenotype of a given cell is a direct result

of functionally active protein levels, and protein abundance

does not always correlate with mRNA levels [4]. Further-

more, functional protein activity is often greatly affected by

PTMs, such as phosphorylation, proteolytic processing, and

other structural modifications, which can be assessed only at

the protein level.

Unfortunately, several technical challenges have limited

the capacity of quantitative proteome comparisons to

provide novel insights into cancer metastasis. The most

serious challenge when using proteomics to study tumor

progression is that many of the protein-level differences

observed between different cancer cell lines are not directly

involved in tumor development and instead simply result

from aneuploidy and compromised DNA repair pathways.

Another major challenge is maximizing the number of

proteins that are quantitatively compared. The most

common comparative protein profiling method is 2-DE,

which has been used for more than 30 years [8] and remains

a core protein profiling technology, despite substantial

limitations. However, conventional 2-DE and alternative

quantitative protein profiling approaches, such as LC/LC-

MS/MS methods, typically evaluate only a tiny part of the

proteome of cancer cells or tumor tissue. The 2-DE method

detects some alternative splice changes and PTM changes,

but it can detect only the most abundant cellular proteins,

which are typically biologically less interesting than lower

abundance regulatory proteins. While alternative protein

profiling methods, such as LC/LC-MS/MS, may detect some

lower abundance proteins, most non-2-DE methods are very

poor at detecting changes in PTMs or splice form changes.

Several prior studies used conventional 2-DE to compare

metastatic human melanoma cells with non-metastatic cells

[9–11]. For example, Bernard et al. [11] compared the

proteomes of normal melanocytes with melanoma cell lines

and identified eight proteins as differentially expressed in the

transformed cells. In particular, hepatoma-derived growth

factor (HDGF) and nucleophosmin B23 strongly correlated

with melanoma. More recently, combined analysis of

proteomic and transcriptomic profiling of murine melanoma

progression was used to identify critical proteins and path-

ways underlying melanoma metastasis [4]. That study showed

reductions in several proteins responsible for reactive oxygen

species degradation, such as glutathione-S-transferase,

superoxide dismutase, aldehyde dehydrogenase, thioredoxin,

peroxiredoxin 2, and peroxiredoxin 6 in murine melanoma

cell lines compared to the non-tumoral cell, melan-a. Inhi-

bition of the p53 pathway and activation of the Ras and c-myc

pathways also were observed.

In the current study, an in-depth comparative proteome

analysis of two genetically, very closely related melanoma

cell lines was performed using three-dimensional (3-D)

DIGE, which we recently showed could substantially

enhance proteome coverage when analyzing melanoma cell

or lung tissue extracts [12]. We performed a systematic

comparison of the primary human melanoma cell line

(WM793) with a highly metastatic variant of the WM793 cell

line that was selected in athymic mice [13]. Unlike

comparisons of unrelated cell lines, comparisons of these

two closely matched cell lines minimizes incidental protein

changes caused by aneuploidy-related variations and defec-

tive DNA repair, thereby focusing on molecular events

associated with the metastatic phenotype. Specifically, the

vast majority of the observed protein-level changes mapped

to cellular pathways and networks known to be involved in

cancer progression. In each of these networks, the in-depth

proteome analysis resulted in identification of altered

protein levels for a substantial number of the proteins

associated with the network. This yielded a bimodal distri-

bution where six networks yielded highly significant scores

and all other networks were not significantly associated with

metastasis. These data suggest that the six networks iden-

tified here may define the minimum key cellular events

associated with development of the biologically complex

metastatic melanoma phenotype.

2 Materials and methods

2.1 Cell culture and sample preparation

A primary human melanoma cell line (WM793) and a

highly metastatic variant of the parental cell line (1205LU)

selected from WM793 in athymic mice were cultured as

described previously [13]. Prior to cell extraction, �80%

confluent cells in 150-mm tissue culture plates were washed

three times with PBS (pH 7.4) containing protease/phos-

phatase inhibitors (0.15 mM PMSF, 2 mM Na3VO4, 50 mM

NaF, 1mg/mL leupeptin, 1 mg/mL pepstatin) at 0–41C. Cells

were scraped off plates on ice in PBS, collected by centri-

fugation, and were lysed by addition of lysis buffer (pH 8.5)

containing 8 M urea, 2 M thiourea, 4% w/v CHAPS, and

30 mM Tris followed by sonication. The supernatant was

separated by centrifugation at 40 000� g for 30 min at 101C,

protein concentration was determined using a Coomassie

Plus protein assay (Pierce Biotechnology, Rockford, IL,

USA), and aliquots were stored at �801C.

2.2 Protein labeling

Proteins were labeled with N-hydroxy succinimidyl ester-

derivatives of the cyanine dyes Cy3 and Cy5 (GE Healthcare,
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Chalfont St Giles, Bucks, UK) following the protocol

recommended by the manufacturer for 2-D DIGE. Typically,

400 pmol of Cy3 or Cy5 reagent were added per 50mg of total

protein. Labeling reactions were performed on ice in the

dark for 30 min, and then quenched with a 50-fold molar

excess of 10 mM lysine for 10 min on ice in the dark. The

labeled samples were stored at �801C until needed.

2.3 Microscale solution IEF (MicroSol-IEF)

prefractionation

Typically, a Cy3- and a Cy5-labeled sample were mixed and

prefractionated using MicroSol-IEF, essentially as previously

described [12], using partition membrane disks (ZOOM

disks) with pH values of 3.0, 4.6, 5.4, 6.2, 7.0, 9.1, and 12 in a

ZOOM IEF Fractionator (Invitrogen, Carlsbad, CA, USA). A

total of 1.5 mg of mixed Cy-labeled proteins was separated

using maximum limits of 1 mA and 1 W until a maximum

voltage of 1200 V was reached. The separation was then

continued until a stable low current (�0.4 mA) was reached.

2.4 2-D gels

For narrow pH range 2-DE [14, 15], the Cy-labeled aliquots

from each MicroSol-IEF fraction were diluted to the

required volume using sample buffer containing 8 M urea,

2 M thiourea, 4% w/v CHAPS, 1% w/v DTT, and 1% v/v

IPG buffer that matched the pH range of the IPG strips

being used. Fractions then were applied to the desired

narrow pH range Immobiline DryStrips (GE Healthcare),

using either cup-loading or in-gel rehydration following the

manufacturer’s protocol in an IPGphor (GE Healthcare)

using five phases of stepped voltages from 200 to 8000 V,

with total focusing of 60 kVh. To improve throughput,

18-cm narrow pH range IPG strips were trimmed to fit

Criterion gel cassettes (Bio-Rad, Hercules, CA, USA) by

removing the pH range of the IPG strip outside the pH

range of the MicroSol-IEF fraction, as shown in Table 1 and

as previously described [12]. The trimmed IPG strips were

run on 10% Tris-Tricine gels at 165 mA constant current

with cooling. In addition, conventional 2-D DIGE was

performed in parallel using replicate aliquots of the labeled,

mixed, unfractionated samples, which were run directly on

broad-range IPG strips (pH 3–11 NL; 11-cm) followed by

10% Criterion Tris-Tricine 2-D gels.

2.5 Image acquisition and analysis

After electrophoresis, Criterion gel cassettes were split and

gels were transferred between low-fluorescence glass plates

and scanned using a ProXPRESS Proteomic Imaging System

(PerkinElmer, Boston, MA, USA) with the following filters:

540/590 nm for Cy3 and 625/680 nm for Cy5. After imaging

the Cy-dye signals, the gels were fixed overnight in 40% v/v

ethanol and 10% v/v acetic acid, followed by staining with

Silver Quest (Invitrogen) to facilitate excising spots of inter-

est. The Cy3/Cy5 gel images were overlaid and merged using

ImageMaster 2D Platinum software (version 5.0; GE

Healthcare). At least duplicate gels of each fraction were

analyzed. Features resulting from non-protein sources were

filtered out, protein spots were normalized, and pairwise

image comparisons were performed. All protein spots exhi-

biting at least twofold differences between the cell lines were

evaluated for statistical significance comparing duplicate gels

for each condition using the Student’s t-test. All spots with

p values of o0.05 were manually inspected to ensure good

spot assignment and volume integration. Significantly altered

spots were matched with the corresponding spots on the

silver-stained images for identification using LC-MS/MS.

Table 1. Summary of results from 2-D and 3-D comparisons of melanoma cell lines

MicroSol Fractions [IPG strip: original pH, length/final length] Total spots Significant differences Identified proteins

Unfractionated sample [pH 3–11, 11 cm/11.0 cm] 1003 15 14
Fractionated samplea)

Fraction 1 (3.0–4.6) [pH 3.0–5.6, 18 cm/11.2 cm] 100 8 8
Fraction 2 (4.6–5.4)b) [pH 4.5–5.5, 18 cm/13.0 cm] 946 38 27
Fraction 3 (5.4–6.2) [pH 5.3–6.5, 18 cm/12.0 cm] 1004 47 47
Fraction 4 (6.2–7.0) [pH 6.2–7.5, 18 cm/11.1 cm] 1245 31 28
Fraction 5 (7.0–9.1) [pH 6–11, 18 cm/7.6 cm] 975 27 26
Fraction 6 (9.1–12) [1-D gel] 50 6 6

Total fractionated sample 4320 157 142 (104)c)

a) Fractionated samples F1 to F5 were separated on the very narrow pH range 18-cm IPG strips indicated, which were subsequently
trimmed to appropriate pH ranges and run on Criterion gels (13� 9 cm). Fraction 6 was separated on a 10% NuPAGE Bis-Tris gel and
thus the number of detected ‘‘spots’’ is actually the number of bands on the 1-D gel analyzed by using Quantity One software (Bio-Rad).

b) In fraction 2, the length of the pH 4.6–5.4 region is actually 14.4 cm. After IEF, the middle of this region (�13 cm) was cut and separated
on a second-dimension Criterion gel. The two remaining edge parts of the IPG strip were run on another 2-D gel to confirm that the loss
of proteins in these trimmed regions was very minor.

c) The number of non-redundant proteins identified from total fractionated samples is given in parenthesis and does not include six
identifications unique to the unfractionated sample.
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2.6 LC-MS/MS analysis

Gel spots of interest were excised, destained by incubating

in 30 mM potassium ferricyanide and 65 mM sodium

thiosulfate for 10 min, washed in Milli-Q water until

colorless and transparent, vacuum dried, and proteolysed

with 0.02 mg/mL of modified trypsin (Promega, Madison,

WI, USA) as previously described [16]. Tryptic peptides

(typically 8 mL aliquots) were analyzed by LC-MS/MS on a

LTQ linear ion trap mass spectrometer (Thermo Scientific,

San Jose, CA, USA) interfaced with a NanoLC pump

(Eksigent Technologies, Livermore, CA, USA) and cooled

autosampler, and resulting data were analyzed using

TurboSEQUEST Browser version 27, revision 12 (Thermo

Scientific), as follows. The acquired MS/MS spectra were

converted to peak lists (DTA files) using minimum ions 5

30 and minimum TIC 5 3000. The DTA files were searched

against a composite International Protein Index human and

mouse database (version 3.03) that included the sequence of

the trypsin and a concatenated copy of the reversed database

(total forward entries 5 91 357). Prior to searching the

database with SEQUEST, it was indexed using: mono-

isotopic mass range of 500–3500, length of 6–100 residues,

full tryptic cleavage with one allowed internal missed clea-

vage, static modification of Cys by carboxamidomethylation

(157 Da), and dynamic modification of Met to methionine

sulfoxide (116 Da). The DTA files were searched with

a 2.5-Da precursor mass tolerance and 1-Da fragment ion

mass tolerance. Other search parameters were identical to

those used for database indexing.

SEQUEST Browser was used as previously described [16]

for further data analysis and filtering, which utilized HUPO-

defined criteria for high-confidence peptide identifications,

i.e. XCorrZ1.9 (z 5 1), 2.2 (z 5 2), 3.75 (z 5 3), and DCnZ0.1;

and RSpr4 [17]. Keratins were excluded from all datasets as

likely contaminants. Different forms (charge states and Met

oxidation) of an identified peptide were counted as a single

peptide hit, and peptides that were subsets of a larger

peptide were counted as a single peptide. However, if two

peptides partially overlapped, they were counted separately.

Protein identifications in very low-abundance spots that

were based on a single, unique, high-confidence peptide

assignment were retained only if expert inspection of the

MS/MS spectra supported the identification and either the

protein was identified in a proximal spot with additional

peptides, or if there was good agreement between observed

and theoretical pI and MW. When more than one protein

was identified in a 2-D gel spot, the human protein with the

highest score in Proteomics Browser (i.e. sum of the Sf

scores for each peptide identified) and with at least sixfold

higher TIC between the top and second rank protein was

selected as the most likely protein responsible for the

observed signal intensity change. If the scores were very

similar and/or there was a less than sixfold difference of TIC

between the two top-ranked proteins, the protein identifi-

cation was regarded as ambiguous and was not considered

further in this study. Similarly, in a few cases where a

human protein was not identified, the identification was

regarded as ambiguous and was not considered further in

this study.

2.7 Semi-quantitative Western blots

Protein levels of selected proteins of interest were verified

using semi-quantitative Western blots. Briefly, aliquots of

WM793 and 1205LU cell lysates were thawed, and multiple

protein concentrations of each cell line (20, 10, and 5 mg,

respectively) were separated on 12% Bis-Tris NuPAGE gels

(Invitrogen). Proteins were transferred to Immobilon-P

PVDF membranes (Millipore, Billerica, MA, USA),

membranes were stained with MemCode reversible protein

stain (Pierce Biotechnology) and imaged to verify uniform

protein loads and efficient electrotransfer, and membranes

were destained with Milli-Q water and blocked with non-fat

dry milk or BSA prior to incubation with the following

primary antibodies: anti-Cathepsin D mAb (Sigma-Aldrich,

St. Louis, MO, USA), anti-Lamin B mAb (Invitrogen), anti-

Cathepsin B pAb (Calbiochem, San Diego, CA, USA), anti-

Galectin pAb (Invitrogen), anti(total)-JNK (Cell Signaling),

anti-phosphorylated-JNK (Cell Signaling), anti-interleukin-

1b (R&D systems), anti-c-Myc (Cell Signaling), anti-MCM2

(Cell Signaling), and anti-MAGED2 (Abnova). HRP-labeled

secondary antibodies and SuperSignal West Pico Chemilu-

minescent Substrate (Pierce Biotechnology) were used. X-

ray film images were background subtracted and protein

bands were quantitated using The Discovery Series Quantity

One 1-D Analysis software (Bio-Rad).

2.8 Network analysis

Protein accession numbers identified by LC-MS/MS analy-

sis and their corresponding fold changes were imported into

the Ingenuity Pathway Analysis software (Ingenuitys

Systems, www.ingenuity.com) for network analysis. The

identified proteins were mapped to networks available in the

Ingenuity database and then ranked by score. The score is

the probability that a collection of genes equal to or greater

than the number in a network could be achieved by chance

alone. A score of 3 indicates that there is a 1/1000 chance

that the focus genes are in a network due to random chance.

3 Results

3.1 Proteome profiles of metastatic melanoma cells

Typically, 1 mg of total protein extracts from WM793 and

1205LU melanoma cells were labeled with either Cy5 or

Cy3 and then mixed together. A total of 1.5 mg of the mixed

Cy-labeled samples was subjected to fractionation by
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MicroSol-IEF followed by narrow pH range 2-D gels.

Another aliquot of the mixed Cy-labeled sample was

analyzed in duplicate without fractionation, i.e. the tradi-

tional 2-D DIGE method (Fig. 1A). The most abundant

melanoma cell proteins, which were detectable using

conventional 2-D DIGE, displayed a striking bimodal

distribution, with the densest clusters of spots occurring

between pH 4.7–6.2 and pH 6.7–9.1. Quantitative analysis of

2-D DIGE images (unfractionated sample) showed

approximately 15 protein spots with significant abundance

changes between cell lines could be detected at this level of

analysis.

To achieve a greater depth of analysis and higher reso-

lution of these proteomes, the mixed Cy-labeled cell extracts

also were separated into six fractions using MicroSol-IEF.

Fractions 1–5 were well separated, with most observed spots

migrating within the expected pH ranges when analyzed on

narrow-range 2-D gels (Fig. 1B–F). Fraction 6, which

contained the fewest proteins, could not be well resolved

when separated on 18-cm IPG strips between pH 9.1 and 12,

as is typically the case for very basic proteins. Due to the low

complexity of this fraction, in subsequent experiments it

was concentrated fivefold by acetone precipitation and

separated on a 10% 1-D gel (Fig. 1G). The narrow pH range

2-D gels showed that the majority of proteins were recovered

in fractions 2–5, which include pI’s between 4.6 and 9.1.

These results are consistent with the protein distributions

observed in the 2-D gels of the unfractionated samples. The

effective total IEF separation distance of fractions between

pH 3 and 9.1 was about 55 cm. Hence, detection of lower

abundance proteins was facilitated by both the greatly

increased IEF separation distance and the higher protein

Figure 1. Composite merged images from 3-D DIGE comparison of melanoma cells with low- and high-metastatic potential. Gel images

were merged by overlaying Cy3-labeled 1205LU (blue) and Cy5-labeled WM793 melanoma cell (red) images. (A) A broad pH range 2-D gel

of unfractionated samples, (B–F) narrow pH range 2-D gels of MicroSol-IEF fractions 1–5, and (G) a 1-D gel of MicroSol-IEF fraction 6. The

positions of spots showing significant abundance changes that were excised for protein identification using LC-MS/MS are indicated.
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loads that could be applied to narrow-range gels after

prefractionation as previously demonstrated [14, 15, 18].

To identify proteins implicated in melanoma metastatic

potential, data from two independent MicroSol fractionations

and duplicate gels of each fraction from these two separations

were analyzed. Protein spots that changed by at least twofold

and also showed statistically significant differences having p
values ofo0.05 between primary and metastatic melanoma

cells were further analyzed. First, spot matches, boundaries,

and quantitations were verified by manual inspection. Prop-

erly integrated, significantly changed spots subsequently were

excised, digested with trypsin, and analyzed by nLC-MS/MS.

On the basis of these criteria, a total of 172 protein spots,

including the 15 spots from the unfractionated gel and 157

spots from the fractionated narrow-range 2-D gels, were

analyzed (Table 1). A total of 110 unique proteins were

unambiguously identified, as well as multiple isoforms of

some proteins, which in most cases were presumably due to

changes in PTMs. Of the 110 non-redundant identified

proteins, 42 were present at increased levels in highly meta-

static melanoma cells, while 68 showed decreased levels

(Supporting Information Table 1). A more detailed summary

of the proteome analysis, including peptide sequence infor-

mation and theoretical and observed molecular mass and pI
values of identified proteins, are presented in Supporting

Information Table 2. Identifications of 34 spots from the 3-D

DIGE analysis were to proteins with known multiple splice

forms. For 15 of these protein spots, unique splice forms

could be unambiguously assigned due to identification of

splice form-specific peptide sequences. Each unique sequence

is highlighted with a yellow background in Supporting

Information Table 2. Consistent with our previous study,

these results show that, in some cases, the 3-D DIGE method

can effectively separate and distinguish between multiple

closely related splice forms [12]. While many of the observed

changes in spot intensities are likely due to changes in

abundance of the identified protein, some of the detected

changes are most likely due to changes in levels of PTMs that

result in detectable shifts of either the pI or apparent size of

the protein, such as phosphorylation or glycosylation (see

Supporting Information Table 2).

3.2 Verification of selected protein changes using

semi-quantitative Western blots

Semi-quantitative Western blots were performed for several

proteins that exhibited moderate abundance changes in the

3-D proteome analysis to independently evaluate the relia-

bility of the 3-D DIGE proteomics results. Initially,

commercially available antibodies with appropriate reported

specificity for six proteins with moderate observed abun-

dance changes were selected. Westerns were performed

using serial dilutions of WM793 and 1205LU cell extracts

from different batches of cells than those used for the 3-D

DIGE experiments. Two antibodies showed high, non-

specific background despite repeated attempts to optimize

the assay. Westerns for the four remaining antibodies were

optimized and signals within the linear range of the assays

from identical protein loads for the two cell lines were used

for estimating the fold change in the metastatic cells.

Representative results are shown in Fig. 2A. As indicated,

Western results were generally consistent with results from

the 3-D DIGE analysis. That is, the direction of the observed

changes (higher or lower in metastatic melanoma) using

both methods was consistent, although the magnitude of

the change was substantially different for galectin.

3.3 Protein network analysis

We systematically evaluated the 110 non-redundant proteins

exhibiting abundance changes associated with metastatic

potential by performing protein network analyses using

Ingenuity Pathway Analysis, a gene-based tool that extracts

biologically relevant information from genomic and

proteomic studies by correlating individual proteins (genes)

with biological processes, cellular pathways, and regulatory

networks based on known interactions extracted by the

software vendor from the scientific literature [19, 20]. The

110 genes corresponding to the unique proteins identified in

this study, and their corresponding observed fold changes,

Figure 2. Representative Western blots of proteins in primary

and metastatic melanoma cell lines. Equal amounts of total

protein from the primary melanoma cell line WM793 (P) and

metastatic cell line 1205LU (M) were compared as described in

Section 2. The fold change in protein level in the metastatic cell

line compared to the primary cell line is shown for the illustrated

Western blots. (A) Verification of protein changes observed

using the 3-D DIGE method. The corresponding fold changes

from the 3-D DIGE analyses were cathepsin-D 72.1 and 13.0;

lamin B 2.0; cathepsin-B 72.2 and 15.3; and galectin-1 72.1 and

12.4 (see Supporting Information Table 1). (B) Comparisons of

central proteins in top scoring networks. Changes in JNK and c-

Myc were not detected in the 3-D DIGE analysis. The corre-

sponding fold change from the 3-D DIGE analysis for IL-1b was

�2.0 (see Supporting Information Table 1). (C) Analysis of

undetected proteins that were previously associated with meta-

static melanoma.
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were mapped to cellular networks using this software/

database tool. The resulting networks and pathways were

produced automatically by the software and were not

manually modified. Six networks were very highly signifi-

cant, with scores greater than 20. Interestingly, there was a

sharp delineation in the network scores, as all other

networks had scores of less than 3, i.e. below the signifi-

cance threshold. The score, number of focus genes, and top

three biological functions for each of the six significant

networks are shown in Table 2. These six networks

contained a total of 192 genes, and 97 of these genes showed

significant abundance changes of the corresponding protein

in this study. These differentially expressed proteins/genes

are considered ‘‘focus genes.’’ All six networks are impli-

cated in biological functions expected to be critically

involved in tumor progression, and at least five of the

networks include cancer (Networks 1, 2, 3, and 6) and/or cell

death (Networks 1, 3, and 4) among the top three associated

functions. Interestingly, Network 6 is closely associated with

dermatological diseases and conditions.

Diagramatic representations of the top network, with a

significance score of 56 and 27 focus genes out of a total of 35

genes and the second network with a score of 32 and 18 focus

genes out of a total of 35 genes, are shown in Figs. 3 and 4,

respectively. The four other significant networks are shown in

Supporting Information Figs. 1–4. The shaded genes are

those identified in this study and symbols outlined in orange

are the proteins previously implicated in cancer. This clearly

shows that the 3-D DIGE analysis used here has extended the

association of those pathways with melanoma metastasis to a

Table 2. The top six networks generated by the Ingenuity Pathway Analysis for metastatic melanoma

Network
ID

Molecules in networka) Score No. of focus
genes

Top 3 functions

1 Actin, ANXA2, Caspase, Ck2, CTSB, EEF1A1, G6PD, HNRPA2B1,

HNRPC, HNRPK, Hsp70, HSPA5, HSPB1, HYOU1, IL1, IL1B, Jnk,
LMNB1, Mmp, NPM1, NQO1, PP1/PP2A, PPP1CA, PPP1CB,

PPP2R1A, PRDX1, PRDX4, PSME2, S100A4, SERPINB2,

SERPINH1, SOD2, STIP1, TALDO1, TPT1

56 27 Cell death
Cancer
Endocrine system
disorders

2 ACTA1, ACTB, ACTN4, CD9, CREBBP, CTSD, 32 18 Cancer
DHFR, ERBB2, EWSR1, FADS2, GAPDH, GTF2I, HSPH1, INS1, LDHB,

LIMK1, MRPL12, MYC, MYL9, PABPC1, PBX1, PDIA4, PHB,

PPP2R5A, PRDX2, PSAP, PSAT1, PTMS, RPS12, SHMT2, SOD2,

STRAP, TFAP2A, UQCRC2, VIM

Gene expression
Cell cycle

3 ACTB, ALDOA, C19ORF10, COL1A1, DDIT3, EGFR, EIF4A1, EIF4G2,
EIF5A, FABP7, FKBP9, HSPD1, IFNG, LEPRE1, LGALS1, MAX,
MIF, MUC1, MYCN, NUP98, PABPC1, PBX1, PHGDH, PLD1, PLD2,
PLK1, PSMA7, PSMC3, RPL5, SSBP1, TPI1, TXN, Ubiquitin,
USP5, VIM

30 17 Cellular growth and
proliferation
Cancer
Cell death

4 2-methoxyestradiol, ACAT1, AK3, APP, BACE1, BCL2L1, CALM,

CASP7, CCNE1, cholesterol, CYB5B, CYP17A1, EEF1D, GNAO1,

HADH, HSPA5, IDI1, IL1RN, ITPR1, KPNA6, LEP, linoleic acid,
MSR1, NFATC2, PRPS1, RPLP2, SERPINF1, SOD2, SPFH2, TG,
TGFB1, TNFSF11, UGP2, VDAC3, XBP1

25 15 Cell death
Immunological disease
Free radical
scavenging

5 ACTB, ACTL6B, AKR1B1, ARID1A, ARPC5, Ca21, CALU, CCT4,
CCT7, CCT8, CCT6A, COTL1, CS, CYB5A, D-glucose, F Actin, FTL,

glutamine, GNAI3, GSN, HNRPC, HPCAL1, HTR2C, ITPR3, KNG1,
MDH2, NR3C1, PPARGC1A, S100A11, SCIN, SMARCA4,
SMARCD1, SMARCD3, TKT, VDAC1

25 15 Cellular assembly and
organization
Post-translational
modification
Cellular compromise

6 Adenosine-tetraphosphatase, Akt, ANP32A, ATP5A1, ATP5H,

ATP6V1A, ATXN1, AURKA, CALR, CD28, CD247, CD40LG, GAB2,
GAPDH, GRSF1, H1-transporting two-sector ATPase, H2-ALPHA,
Histone h3, HSPD1, hydrogen peroxide, KLF4, LOC112714,
MKNK1, NASP, P38 MAPK, PRDX6, TARDBP, TST, TUBA1,

TUBA6, TUBA8, TUBB, TUBB1, TUBB4, UBQLN4

21 13 Cancer
Reproductive system
disease
Dermatological diseases and
conditions

a) Proteins exhibiting significant changes in abundance and their corresponding fold change in metastatic melanoma were used as input
for the Ingenuity program and are shown in bold. In several cases (gene or protein name underlined), a close homologue was identified
and the homologous protein was color coded in the corresponding networks but was not defined as a focus gene. For each network the
score indicates the likelihood the focus genes would have been found by random chance (see Section 2). The number of focus genes in
the network and the three most significant biological functions are shown.
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substantial number of additional genes/proteins. In Network

1, the differential expression of interleukin-1b (IL-1b) in

melanoma cells may interact with c-Jun N-terminal kinase

(JNK) and influence its downstream targets, such as

SERPINB2, SERPINH1, CTSB, HSPB1, and HSP70 (Fig. 3).

The differential accumulation of proteins involved in onco-

gene/tumor suppressor pathways was observed primarily in

Networks 2, 3, and 4. This analysis of these gene/protein

networks suggests the myc family (c-myc and N-myc) and

other oncogenes may be relevant not only for the regulation

of intrinsic cell functions, but also may play critical roles

during development of metastatic melanoma. Furthermore,

this analysis has identified additional proteins implicated in

cell death or tumorigenesis that are likely to be important

players in metastatic melanoma development.

3.4 Evaluation of selected critical protein changes

using semi-quantitative Western blots

Several central proteins in the two top scoring networks

(JNK and c-Myc) were not detected by the proteomics

analysis, and IL-1b, another central protein in the top

network was observed to be reduced in metastatic cells using

the 3-D DIGE method when an increased level of intracel-

lular form of this protein would be expected. Hence,

Figure 3. The top-scoring

network created by Ingenuity

Pathway Analysis. This network

exhibited metastatic potential

associated abundance changes

for at least 27 of the 35 proteins

in this network. Shaded genes

are those identified in this study

with color intensities repre-

sentative of abundance changes

in highly metastatic melanoma

cells as follows: red Z100-fold

increase; shades of pink 2- to

100-fold increase; dark green

Z100-fold decrease; shades of

green 2- to 100-fold decrease.

The meaning of node shapes is

defined in the legend. Some

networks include metabolites as

indicated by the symbols

legend. The orange outlines on

pathway shapes highlight

proteins (genes) previously imp-

licated in cancer. The software

and/or the proteomics data did

not consistently distinguish

between protein family mem-

bers and therefore in a few

cases proteins were highlighted

if a closely homologous protein

was identified in the 3-D analy-

sis.
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Western blots were performed for JNK, Phospho-JNK, IL-1b,

and C-Myc. As shown in Fig. 2B, JNK and IL-1b were

increased substantially in the metastatic cells, while the

amount of c-Myc and the phosphorylation level of JNK were

increased only marginally in the metastatic cells.

Interestingly, neither the proteome analysis nor the

subsequent network analyses identified several antigens

previously associated with metastatic melanoma such as the

microchromosome maintenance (MCM) family and the

melanoma antigen gene (MAGE) family [21]. When repre-

sentative members of these protein families were evaluated

using semi-quantitative Western blots (Fig. 2C), MAGE-D2

exhibited a nearly twofold elevation in the metastatic cells.

In contrast, the MCM 2 isoform, which is the most exten-

sively evaluated member of the MCM family, did not show

significant changes between the primary and metastatic

melanoma cells. This latter result is consistent with a recent

immunohistochemistry analysis of tissue sections that

showed significant increases of MCM 2 in melanoma cells

compared with nevi, but no significant difference between

primary and metastatic melanomas [22].

4 Discussion

Melanoma progression is a multistep process involving an

incompletely characterized sequence of genetic events

affecting multiple biological processes, including control of

the cell cycle, apoptosis, enzymatic hydrolysis of the extra-

cellular matrix, local immunosuppression and mechanisms

of immunological escape, angiogenesis, and cell migration.

In addition, there may be some similarities in biological

mechanisms implicated in melanoma progression and those

that play a role in development of drug resistance in malig-

nant melanoma. For example, proteins involved in

chemoresistance of malignant melanoma cells, such as

elongation factor 1-d, translationally controlled tumor protein,

60 kDa heat shock protein, and nucleophosmin [23, 24] were

differentially expressed in metastatic melanoma.

In this study, we used genetically, very closely related cell

lines with differing metastatic potential to minimize inci-

dental genetic noise, i.e. incidental protein abundance

changes unrelated to tumor progression resulting from

impaired DNA repair and variations in chromosomal aber-

rations that affect gene expression. This goal appears to have

been achieved because when we integrated observed protein

changes into cellular networks using the knowledge-based

Ingenuity Pathway Analysis tools, the vast majority of

identified proteins (97/110) mapped to a total of six highly

significant cellular networks. Importantly, the top functions

associated with these six networks closely correlated with

known important cancer progression mechanisms. This

strongly suggests that a majority of the observed protein

abundance changes are likely to contribute directly to the

metastatic phenotype. Furthermore, there was a clear deli-

neation between these six high-scoring networks and the

next best-scoring network, which had a score less than three

(not significant). The fact that most observed protein chan-

ges map to only six highly significant cellular networks with

no marginally significant networks is another indication

that the greater depth of analysis for our 3-D protein

profiling method and the genetically similar cell lines have

resulted in identification of primarily those proteins directly

implicated in melanoma progression. The highly compre-

hensive analysis of the current study is reflected further in

the fact that approximately half of the proteins in the top

networks were shown to change with metastatic potential in

this study. In addition, these networks defined additional

proteins that were not previously implicated in cancer

metastasis.

The Ingenuity Pathway Analysis resource provides a

useful method of integrating complex datasets discovered

using global genomic or proteomic approaches, as illu-

strated above. Of course, an inherent weakness of this

software and associated Knowledge database is its limitation

to those proteins with assigned annotations or published

relationships and, as a result, some annotations ultimately

may prove to be inaccurate or incomplete. In addition, these

networks do not directly define how the changes in levels of

specific proteins will affect overall function. In this regard, it

should be noted that in all identified networks, some

proteins were elevated in metastatic cells while others

showed reduced levels. Such opposite changes in a network

are expected, as some proteins inhibit a pathway and others

activate that function. Similarly, in a network, the stimula-

tory and inhibitory affects of different components are even

more complex. Furthermore, as shown in Fig. 2, Western

Figure 4. The second highest scoring networks created by

Ingenuity Pathway Analysis. This network exhibited metastatic

potential associated abundance changes for 18 of the 35 proteins

in this network. Additional details are described in the legend of

Fig. 3.
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blots of total protein levels usually correlate with changes

observed on 2-D gels, but there are exceptions such as IL-1b,

which showed a substantial increase in the metastatic cells

by Western blot (15.7-fold), but a twofold decrease for a 2-D

gel spot identified as IL-1b (Supporting Information

Table 2). The most likely explanation for this discrepancy is

that the 2-D gel analysis probably identified a minor form of

IL-1b as suggested by the observed higher than expected

molecular weight (Supporting Information Table 2). In

addition, the change in the major form of the protein indi-

cated by the Western blot may have been missed by the 3-D

DIGE method due to interference from a more abundant

protein or other 2-D gel artifact. This illustrates that while

2-D gels are superior to most alternative proteomics meth-

ods in identifying some protein modifications, it often is

ambiguous as to whether an observed change reflects the

overall abundance of that protein or only a minor form of

the protein. Furthermore, although the 3-D DIGE method

detects far more proteins than conventional 2-D gels, some

proteins such as membrane proteins and proteins larger

than 100 kDa are likely to be systematically missed because

these groups of proteins are not well recovered from 2-D

gels. Also, some relatively low-abundance proteins such as

the MAGE proteins may be obscured by other more abun-

dant proteins.

Despite the above caveats, examination of the identified

networks shows that most of the results from the current

study are both consistent with prior knowledge of tumor

progression and, at the same time, substantially expand our

knowledge. For example, in Network 1 (Fig. 3), IL-1b, which

plays a critical role in melanoma progression [25], is a

central node and directly interacts with 12 other proteins in

the network. IL-1, a family of two major agonistic proteins,

IL-1a and IL-1b, is pleiotropic and affects mainly inflam-

mation, immunity, and hemopoiesis. IL-1 is abundant at

tumor sites, where it may affect the process of carcinogen-

esis, tumor growth and invasiveness, and also the patterns

of tumor-host interactions. It has been proposed that

membrane-associated IL-1a expressed on malignant cells

stimulates anti-tumor immunity, while secretable IL-1b,

derived from the microenvironment or the malignant cells,

activates inflammation that promotes invasiveness and also

induces tumor-mediated suppression [26]. Consistent with

this role, our Western blot analysis showed that the intra-

cellular level of IL-1b is elevated in the metastatic cells,

although it remains to be determined whether this results in

increased levels of secreted IL-1b. The differential expres-

sion of IL-1b in melanoma cells may interact with JNK and

influence its downstream targets as shown in Fig. 3. JNK,

which is among the major subgroups of mitogen-activated

protein kinase (MAPK), is activated primarily by inflam-

matory cytokines and environmental stress [27]. A role for

the JNK pathway in tumorigenesis is supported by the high

levels of JNK activity found in several cancer cell lines [28]

and we confirmed using Western blots that JNK is indeed

elevated in the metastatic cells in this study. A further

example of a role for JNK in tumorigenesis has been

reported in the liver, where JNK was shown to promote

chemically induced hepatocarcinogenesis [29].

In Network 2, Myc represents a central biological theme

of cancer as well as a central node of this network. Its ability

to activate or repress, either directly or indirectly, core genes

in the other networks demonstrates that Myc can regulate

multiple subsets of genes to elicit specific regulatory

programs. Myc plays an important role in regulating cell

cycle, cell growth, differentiation, apoptosis, transformation,

genomic instability, and angiogenesis, presumably through

its ability to activate or repress transcription of target genes

that mediate these various processes [30]. Amplification of

myc genes has been found in a variety of tumor types

including lung (c-myc, N-myc, L-myc), colon (c-myc), breast

(c-myc), and neuroblastoma (N-myc) [31]. In melanoma, high

c-myc expression has been found to be associated signifi-

cantly with vertical growth phase, poor prognosis, and

metastases [31]. However, our Western blots indicate that

the increase in C-Myc is marginal (Fig. 2B). More interest-

ingly, N-Myc (designated MYCN in Network 3, see

Supporting Information Fig. 1) amplification is associated

with a variety of tumors, most notably neuroblastomas.

Many differentially expressed proteins that are directly

connected to the oncogene are translation factors and ribo-

somal proteins. The ribosomal proteins, including 40S

ribosomal protein S12 and 60S acidic ribosomal protein P2,

were increased in metastatic cells, which is consistent with

previous results from gene expression profile analysis [32].

Furthermore, proteins involved in translation, such as the

eukaryotic translation initiation factor 5A and eukaryotic

translation elongation factor 1-a and 1-d, were increased in

metastatic melanoma, although eukaryotic initiation factor

4A-I was significantly decreased. These genes have been

shown to respond to the N-myc oncogene, suggesting that

MYCN functions as a major regulator of protein synthesis

[33]. The possible involvement of the MYCN proteins in the

etiology of common human cancers has raised exciting

questions and is the subject of intense investigation by

multiple laboratories. The network analyses performed here

suggest a common mechanism involving regulatory

networks may be involved in human cancers. Of possible

significance is the fact that both neuroblastoma and mela-

noma tumors are derived from the same neural crest

progenitor cells [34]. The molecular dissection of how

MYCN is involved in human melanoma is an exciting and

challenging endeavor that should lead to a better under-

standing of melanoma metastasis and, perhaps, tumor-

igenesis.

As expected, proteins associated with tumor invasion and

metastasis, including proteases and protease inhibitors,

were more likely to be elevated than decreased in metastatic

melanoma cells. Specifically, we found cathepsin B and D to

be increased in metastatic melanoma by both the 3-D DIGE

and Western blot analyses. Both proteins were apparently

the processed mature forms when compared with observed

Proteomics 2010, 10, 4450–4462 4459

& 2010 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.proteomics-journal.com



and theoretical molecular masses (Supporting Information

Table 1: F3_40 for cathepsin B and F3_39 for cathepsin D).

Specific cathepsin proteins, including B and D, have been

analyzed extensively and implicated in various cancers

[35–38]. Consistent with the observed increased levels of

these proteases in the metastatic cells, multiple protease

inhibitors exhibited decreases, including plasminogen acti-

vator inhibitor-2; serpin peptidase inhibitor, clade B (oval-

bumin), member 2 (SERPINB2); serine (or cysteine)

proteinase inhibitor; serpin peptidase inhibitor, clade H

(heat shock protein 47), member 1; and SERPINH1. In

particular, the urokinase plasminogen activator (uPA)

system, including the serine protease (uPA), 2 serpin inhi-

bitors (PAI-1 and PAI-2), and the membrane-linked receptor

(uPAR), plays a key role in cancer invasion and metastasis

[39]. In addition to mediating invasion and metastasis as a

result of extracellular matrix dissolution, uPA has been

shown to enhance cell proliferation and migration and to

modulate cell adhesion. Elevated PAI-2 has been shown to

prevent invasion and metastasis of various cancer cells

including melanoma [40, 41]. Thus, the observed decreased

level of this and other proteinase inhibitors should enhance

the proteolytic processes that promote tumor invasion and

metastasis. The degradation of basement membranes by

tumor cells involves secretion and activation of these

proteinases and results from an imbalance between their

inhibitors and activators, which are controlled by various

growth factors or cytokines. Among them, the transforming

growth factor-b (TGF-b) family, centered mainly on Network

4, is one of the most intriguing because it has been reported

either to decrease or promote cancer progression. Thus,

TGF-b1 triggered a large decrease of uPA and tPA, as well as

a decrease of uPA and uPAR mRNAs, and also induced a

strong increase of PAI-1 synthesis [42]. TGF-b1 may inhibit

melanoma tumor growth by specifically decreasing plasmin

activity of tumor cells and play a protective role during the

earliest stages of tumor progression.

On the other hand, proteins associated with apoptosis

and tumor suppressors were decreased in metastatic mela-

noma (Fig. 3). Although tumor development involves many

other processes, in almost all instances, deregulated cell

proliferation and suppressed cell death provide the

underlying platform for tumor progression. In most

cancers, this ability to survive results in part from

inhibition of the p53 pathway, either by activating mutations

in p53 itself, or perturbation of the signaling pathways

that allow activation of p53 in response to stress, or defects

in the downstream mediators of p53-induced apoptosis [43].

In this study, we observed a decrease in metastatic mela-

noma of NAD(P)H dehydrogenase 1 (NQO1), which desta-

bilizes p53 and contributes to increased tumorigenesis of

melanoma [44].

Further experiments will be required to unravel the most

critical protein changes associated with alterative pathway

preferences leading to invasion and metastasis in melanoma

and to identify any other discrepancies between apparent

changes in 2-D gel spots and the overall abundance of a

given protein, analogous to IL-1b. Due to the limited avail-

ability of specific antibodies, as well as the limited quanti-

tative accuracy of Western blots and their limited

throughput, the next logical step is to use targeted multiple

reaction monitoring MS to quantitatively assess all proteins

in the top-scoring networks defined in this study to further

explore the relationships between these networks and the

metastatic phenotype.
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