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ABSTRACT 

My PhD thesis has been directed to the study of the mechanisms responsible for the 

development of drug resistance in melanoma. A large subset of melanoma patients harbors 

activating mutations in the BRAF oncogene at position V600. These mutations sensitize 

tumors to inhibition by inhibitors of BRAF in combination with inhibitors of the 

downstream kinase MEK. This has led in the past years to approval of combo therapies 

composed of a BRAF and a MEK inhibitor for these patients. These combo therapies give 

rise to strong objective responses and provide significant improvements in overall survival. 

However their duration in time is strongly limited by the development of drug resistance. 

While initial studies focused mainly in genetic mechanisms at the basis of de novo drug 

resistance, in recent years several groups, including my PhD supervisor, focused their 

attention of non genetic mechanisms and in particular to phenotypic changes underlying 

drug adaptation. In this context several microRNAs have been shown to play an important 

role, in particular miR-579-3p which was discovered some years ago as an oncosuppressor 

and antagonist of drug resistance in the lab of my supervisor. 

In order to assess the role of this microRNA my PhD thesis has been directed initially to 

build and characterize a human melanoma cell line engineered to express miR-579-3p in a 

transcriptionally inducible manner. After the initial characterization the cell line has been 

subjected to a series of studies which have led to the demonstration that miR-579 is able to 

severely affect the development of drug resistance. A particular emphasis has been given to 

bulk RNA sequencing studies as well as to single cell mass cytometry which have shown 

that induction of expression of miR-579-3p is able to impair drug adaptive mechanism and  

to strongly diminish the degree of the heterogeneity in a isogenic cell population of 

melanoma cells when these cells are exposed to the selective pressure of BRAF and MEK 

inhibitors.  
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1.  INTRODUCTION 

1.1 Melanoma: epidemiology, genetic classification and therapies 

Cutaneous melanoma is one of the most lethal forms of skin cancers (1). Cutaneous 

melanomas derive from the malignant transformation of epidermal neural-crest derived 

melanocytes, i.e. the cells that are responsible for melanin synthesis (2-4). Worldwide, in 

year 2020, 324.635 (1.7%) cases of primary malignant cancers have been diagnosed as 

cutaneous melanoma with 56.047 deaths (5). Over the last decades, cutaneous melanoma’s 

incident rate has increased especially in fair-skinned Caucasian populations as compared to 

any other type of cancer (6). The incident rate is dramatically high in countries as New-

Zealand and Australia with 28,3 cases per 100.000 person-years (standardized to the world 

standard population) while the lowest rate is observed in Asia and Africa with 0.48 and 0.51 

cases per 100.000 person-year, respectively (7). In Europe, cutaneous melanoma represents 

the 5th most common type of cancer with an estimate of 106.369 new cases (4% of all new 

cancer diagnoses) and 16.488 deaths (1.3% of all deaths due to cancer) in 2020 (8). The 

European Cancer Information System (ECIS) highlights that about half of new cases of 

cutaneous melanoma occur between 45-69 age group and the cumulative risk of developing 

melanoma by age 74 is 1.33% (1 in 75) in females and 1.51% in male (1 in 66) (8).  The different 

proportion of incident rate across ethnic groups is probably due to the fact that eumelanin, 

highly expressed in dark-skinned people, is more protective to UV (9). In fact, one of well-

established environmental risk factors for cutaneous melanoma is ultraviolet radiation 

following excessive sun exposure. Other risk factors for melanoma development are related 

to high number of widespread nevi on the body, fair complexion and family members 

affected by this disease (10-12).    
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Figure 1. Estimated age-standardized worldwide incidence of cutaneous melanoma in both men and women in 2012 

(Matthew et al, 2017).  

Cutaneous melanoma is one of the most genetically unstable and highly mutated cancer  

(13,14). The Cancer Genome Atlas (TCGA) analysis highlighted the landscape of genomic 

alterations in cutaneous melanomas through DNA, RNA, and protein-based analysis from 

a large cohort of melanoma tissue samples (18). Based on different genomic alterations, 

cutaneous melanoma could be divided in four subgroups: BRAF-mutant melanomas, which 

represent roughly 50% of melanomas;  RAS (N/H/R)-mutant melanomas, which occurs 

roughly in 25% of cases; NF1-mutant melanomas, which occur roughly in 15% of cases; and 

triple-wild-type melanomas, which occur roughly in 10% of cases (18). The malignant 

proliferation toward metastatic melanoma is generally accompanied by several additional 

genetic alterations involving genes such as CDKN2A, TP53 or PTEN  and the acquisition of 

a high mutational tumor burden (15-17). Independently from the genetic subtypes, TCGA 

analysis highlighted immune signatures enriched for immune genes expression associated 

with lymphocyte infiltration, immune signaling molecules and -stimulatory and co-

inhibitory immune checkpoint proteins (18). 
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Figure 2. Landscape of genomic alterations in cutaneous melanomas. It is shown a scheme of genomic classification into 

one of four subtypes based on the pattern of the most prevalent significantly mutated genes: mutant BRAF, mutant RAS, 

mutant NF1, and Triple-WT (wild-type). Samples have been characterized for immune signature enriched in  immune gene 

expression associated with lymphocyte infiltrate and high LCK protein expression (The Cancer Genome Atlas Network).  

For patients with primary in situ melanomas (stage I-II), surgical removal of tumors 

represents the standard treatment and is associated with a 5-year survival rate above  95% 

(19-21). In contrast, the prognosis for metastatic stages (stage III-IV) remains exceedingly 

poor and the 5-year survival rate drops to 15-20% (22). Before 2011, the weapons to treat 

metastatic melanoma were only three Food and Drug Administration (FDA)-approved 

drugs: chemotherapy with Fotemustine or Dacarbazine or high-dose of Interleukin (IL)-2. 

However, they were able to achieve only modest response rates (up to 15%) with median 

progression free survival (PFS) of 1.7 months. In addition, only 25.5% of patients were still 

alive at 1 year (23). 
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Figure 3. Chronology of the therapies (immunotherapy above the arrow and targeted therapy under the arrow) approved 

to treat metastatic melanoma (Luke et al, 2017). 

The therapeutic landscape of metastatic melanoma has changed dramatically over the last 

15 years thanks to the introduction of target therapy and of immunotherapy with immune 

checkpoint inhibitors. The discovery that roughly 50% of metastatic melanoma patients 

harbor hot-spot mutations in the B-Raf proto-oncogene serine/threonine kinase (BRAF), 

paved the way to the development of targeted therapies. Normally, this kinase exists as a 

monomer with the ability to activate Mitogen-Activate Protein Kinase (MAPK)-ERK 

downstream signaling only following its homo-dimerization or its hetero-dimerization with 

other RAF isoforms after cell exposure to external growth factors (24). The majority of BRAF 

activating gene mutations occur at the Val 600 position in the kinase catalytic domain, 

leading to a constitutively active monomeric protein which in turn promotes hyper-

phosphorylation of MAPK-ERK signaling pathway and uncontrolled melanoma cell 

proliferation and survival (25, 26). As shown in the pie chart below, the most common 

mutation is a substitution of a valine to glutamic acid (BRAFV600E) and occurs in about 

90% of cases, whereas in 5-6% V600K mutations have been found (valine changes into 

lysine) (26). BRAF mutations in which valine is substituted into arginine (V600R) are very 

rare (26). 
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Figure 4. Pie chart showing the percentage distribution of BRAF oncogene mutations. (Cheng et al, 2018) 

                          

Figure 5.  MAPK-ERK signaling pathway. ERK1/2 is the terminal kinase which translocates to the nucleus where activates 

transcriptional programs mediating growth, migration and differentiation. Normally, Receptor-Tyrosine Kinases activate 

the MAPK-ERK pathway upon exposure to external stimuli, i.e. presence of growth factors. Mutant BRAF acts  as a 

monomer that could induce hyper-proliferation of MEK-ERK cascade. (Indini et al, 2021) 

Starting from year 2011, FDA approved several oral small-molecules kinase inhibitors of the 

MAPK-ERK signaling. Vemurafenib (PLX4032) was the first clinically approved specific 

inhibitor of the mutated BRAF protein (27). This drug binds to the ATP pocket of the 

BRAFV600E catalytic domain, acting as a competitor for the ATP molecule and inhibiting 

its abnormal function (27). In randomized phase 3 trial, Vemurafenib monotherapy was able 

to improve Overall Survival (OS), Progression-Free Survival (PFS) and Objective Response 
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Rate (ORR) compared to Dacarbazine (28). Subsequently, another BRAF inhibitor, namely 

Dabrafenib, was developed showing superior clinical benefits as compared to Dacarbazine 

in BRAF-mutated V600E melanoma patients (29). 

                     

Figure 6. Kaplan-Meier Overall Survival Curve (A). Kaplan-Meier Progression-Free Survival Curve(B). Vemurafenib and 

dabrafenib improved Overall Survival and Progression Free Survival as compared with dacarbazine. (Shin V. et al, 2015) 

In 2018, a third BRAF inhibitor, Encorafenib (LGX818), was also approved. This is a second 

generation BRAF inhibitor with pharmacological properties resulting in higher affinity to 

the BRAF protein’s catalytic domain (30). Although monotherapy with BRAF inhibitors 

provides a clear clinical benefit, re-activation of the oncogenic MAPK-ERK pathway 

through Mitogen-Activated Protein Kinase  MEK 1/2 aberrant activation, generally occurs after 

short time (31-33). In order to overcome this issue, non-ATP competitive allosteric inhibitors 

of the downstream kinases MEK1 and MEK2, namely Trametinib, Cobimetinib and  

Binimetinib were clinically developed in combination with BRAF inhibitors, resulting in 

superior efficacy and more durable clinical impact. Combo-therapy with BRAF and MEK 

inhibitors has, therefore, become the standard of care because of its capacity to combine 

rapidity of beneficial effects with unprecedented and more durable clinical benefit (34). 

Three BRAF-MEK inhibitor combinations are now currently used in clinical practice: 

Vemurafenib plus Cobimetinib;  Dabrafenib plus Trametinib; Encorafenib plus Binimetinib.  

During last years several clinical trials have provided evidence that the use of combo-

therapy has a superior efficacy as compared to mono-therapy.  The last report of the 

randomized phase III coBRIM study (NCT01689519) demonstrated improvement of 

https://clincancerres.aacrjournals.org/lookup/external-ref?link_type=CLINTRIALGOV&access_num=NCT01689519&atom=%2Fclincanres%2F27%2F19%2F5225.atom
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Progression-Free Survival (PFS) and overall survival (OS) in Cobimetinib plus 

Vemurafenib-treated patients compared to  Vemurafenib alone (35). In addition, in 

randomized phase 3 trials COMBI-d and COMBI-v (NCT01584648 and NCT01597908 

respectively), Dabrafenib plus Trametinib combination increases both PFS rates and OS 

rates at 19% and 34% at 5 years, respectively (36). As shown in figure 7, an update of 

COLUMBUS clinical trial (NCT01909453) demonstrated that combo-therapy of Encorafenib 

plus Binimetinib improves clinical benefit and progression-free survival  compared to 

mono-therapy with Vemurafenib (37).  

                                   

Figure 7. The combination of Encorafenib and Binimetinib significantly prolonged progression-free survival as compared 

to monotherapy with Vemurafenib (Dummer R et al, 2018).  

For BRAF-wild type melanoma patients, targeted therapies show poor clinical benefits. For 

example, in the NEMO clinical trial (NCT01763164), the MEK inhibitor Binimetinib 

administered to N-RAS mutated melanoma patients showed a median PFS of only 2.8 

months (38). Hence BRAF mutated melanomas still remain the only melanoma subtype  

where target therapy has demonstrated a clinical benefit. 

The other recent approach with demonstrated clinical efficacy against metastatic melanoma 

is represented by immunotherapy.  

It is well-known that metastatic melanoma is a highly immunogenic type of cancer capable 

to activate the host immune system to control cell growth and proliferation (39,40). 

Nevertheless, melanoma cells are able to avoid immunosurveillance through a series of 

http://clinicaltrials.gov/show/NCT01584648
http://clinicaltrials.gov/show/NCT01597908
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cancer cell intrinsic mechanisms such as for example downregulation of tumor-associated 

antigens expression or of MHC class I (41). Furthermore, an additional mechanism of 

immune escape is the suppression of T-cell effector activities through the activation of 

immune-check points such as PD-1 and CTLA-4 (42,43). PD-1 and CTL-4 are 

transmembrane molecules expressed on T cell surface which normally act as controllers of 

immune-tolerance during inflammation to avoid autoimmune reactions. CTLA-4 blocks the 

initial stage of T cells activation, by sequestering co-stimulatory ligands CD80/86 expressed 

on antigens presenting cell (APC) from the activation of the co-stimulatory receptor CD28. 

This interaction occurs mainly but not exclusively in lymph-nodes because T-cells 

expressing CTLA-4 can accumulate also within the tumor microenvironment (43). On the 

other side, PD-1 negatively affects later stages of T cells response, trough the binding with 

PDL-1 and PDL-2 which are expressed on many types of cell tissues as well as by different 

types of tumors. Cancer cells exploit these mechanisms in order to avoid 

immunosurveillance, e.g. up-regulation of PDL-1 to shut down T cells response (44). The 

purpose of immunotherapy with checkpoint inhibitors is to remove the "molecular axes" 

that blunt the immune response. 

 

                    

Figure 8.  PD-1 and CTLA-4 are expressed on activated T cells .CD80/86 are  expressed on antigens presenting cells (APC) 

while PDL-1 on tumor cells.  Inhibitory effects due to CTLA-4-CD80/86 and PD-1-PDL-1 links can be blocked using specific 

monoclonal antibodies, leading to the activation of T cells which in turn  hit tumor cells through the release of effector 

cytokines and cytotoxic granules (Darvin et al, 2018).  
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The first Immune-Checkpoint Inhibitor (ICI) approved by FDA was the monoclonal 

antibody Ipilimumab (anti-CTLA-4) (45).  Ipilimumab binds the extracellular domain of 

CTLA-4 making it inaccessible for interaction with CD80/86. Clinical trials with Ipilimumab 

in metastatic melanoma resulted in durable clinical responses and a significant 

improvement of the overall survival. The clinical success of anti-CTLA-4 paved the way to 

the development of monoclonal antibodies against PD-1, namely Nivolumab and 

Pembrolizumab, which act by blocking interaction with its ligand PD-L1.  Both drugs given 

as monotherapy provide superior clinical efficacy as compared to ipilimumab alone. 

Subsequently, based on the non-overlapping mechanisms of action of CTLA-4 and PD-1  the 

combination of Ipilimumab plus Nivolumab was clinically developed. Pleasingly, the phase 

3 Checkmate-067 study (NCT01844505), showed the superiority of the Ipilimumab plus 

Nivolumab combination compared to either Ipilimumab or Nivolumab monotherapy both 

for response rate, duration of response and overall survival (OS at 3 years of 58% for 

Ipi+Nivo, vs 52% for Nivo, vs 34% for Ipi)(46).  

In conclusion the introduction of both target therapy for BRAF mutated melanomas as well 

as immunotherapy with ICI for all metastatic melanoma  patients has modified the clinical 

history of this disease with a significant increase in life expectancy at 5 years. Nevertheless, 

a major limitation is represented for both types of therapies by the occurrence of drug 

resistance. My PhD thesis work has been directed to the study of the mechanisms 

underlying the development of drug resistance against target therapy. 
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1.2 Resistance to target therapies is driven by both genetic and non-genetic 

mechanisms 

As reported in the previous section combo therapy with a BRAF and a MEK inhibitor has 

become standard-of-care for melanoma patients harboring BRAF V600 mutations. From the 

clinical standpoint three different patterns of response are observed:1) Approximately 20% 

of patients initially undergo a complete response, but a large proportion of them experience 

disease relapse over time; 2) 50% undergo only partial responses with disease rapidly 

recurring; 3) the remaining 20–25% do not respond at all (47). 

                         

               

Figure 9.  Mechanisms conferring intrinsic, adaptive and acquired resistance in BRAF-mutant melanomas (Tangella et al, 

2020). 

In the first two case we talk about acquired resistance, in the last case of intrinsic resistance. 

Over the last ten years drug resistance has been the object of intensive studies, which have 

provided evidence for the involvement of both genetic and non-genetic alterations. Figure 

9 (top right) shows that the absence of ab initio clinical responses could be explained by 

several intrinsic resistance mechanisms which I am not going to review here.  

On the other hand, acquired resistance was originally described as the accumulation of new 

mutational events occurring  in BRAF mutated melanoma cell lines rendered resistant to 
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BRAF and MEK inhibitors as well as in patients’ tissues upon disease progression.  

                                                  

 

                                                       

Figure 10. Gene Set Enrichment Analysis (GSEA) data demonstrated that 79% of the tumor progression is due to the de-

novo activation of the MAPK pathway (Rizos et al, 2014). 

Approximately 80% of de-novo mutations are responsible for the re-activation of  MAPK 

signaling. For this reason, acquired resistance mechanisms are divided into MAPK-

dependent (re-activated) or independent events (figure 10) (48). MAPK-dependent 

mechanisms include BRAF allele amplification, BRAF alternative splicing or additional 

mutations that by-pass the effect of RAF inhibition such as MEK 1/2 or N-K-RAS genes 

mutations resulting in the aberrant reactivation of MAPK-ERK pathway (49,50). Re-

activation of MAPK signaling represents the rationale for the use of combinations of 

BRAF+MEK inhibitors as described above. This scenario is further complicated by 

mutations leading to the activation of alternative oncogenic signaling pathways such as 

PI3K/AKT, which are observed in  approximately 22% of cases (51). Among them loss of 

PTEN gene has a crucial role in the hyper-activation of PI3K/AKT signaling during acquired 

resistance.  
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Figure 11. Percentage of mechanisms involved in adaptive resistance to Target Therapy ( Shi et al,2014) 

However, as can be observed in figure 11 roughly 26% of drug-resistant tumors, when 

subjected to deep sequencing, did not show the presence of bypass reactivating mutations 

(52).  

This initial evidence was the first indication, albeit indirect, that non-mutational, phenotypic 

changes strongly contribute to acquired resistance and opened up to a wealth of 

investigations leading in recent years to the demonstration that drug adaptation even more 

than the selection of mutated new clones bearing bypass mutations plays a major role in the 

development of de novo drug resistance. It can be anticipated here that drug adaptation due 

to cancer cell plasticity are tightly linked to the co-existence in the tumor mass of cell 

populations with different transcriptional and post-transcriptional trajectories 

interchangeable with each other, i.e. namely with the concept of intratumor heterogeneity 

which will be treated more extensively in a following paragraph. 

Several studies showed that non-mutational events take place early after drug exposure and 

involve a plethora of post-transcriptional, post-translational mechanisms as well as 

epigenetic changes which, again, converge in the re-activation of proliferation and survival 

pathways such as MAPK , PI3K/AKT as well as others which,  all together, end up in 

therapeutic failures (53). Among them, for example the laboratory of Prof. Mancini in 

collaboration with Prof. Ciliberto discovered some years ago the rapid activation of an 

autocrine loop involving upregulation of neuregulin 1 with its receptor ErbB3 leading to 
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activation of the PI3K/AKT axis as an adaptive response of melanoma cells  after exposure 

to BRAF and MEK inhibitors (54).  

Non-genetic adaptative mechanisms have been shown to be responsible for the survival of 

a small fraction of tumor cells, whereas the majority are initially killed after drug exposure 

(55). The population of remaining cells, namely Drug-Tolerant Persister cells (DTPs), are a 

slow cycling population of cells that are able to survive to the presence of drugs and 

represent the seed for the development of resistant tumor cells. Drug-tolerant cells are 

characterized by rewiring epigenomic, transcriptomic and metabolomic pathways, such as 

for example the previously described Neuregulin1/ErBB3/P13K/Akt axis. To be mentioned 

in particular the robust evidence of the switch toward oxidative phosphorylation 

(OXPHOS) in order to increase ATP production as source of energy promoting survival 

even in the presence of drugs (56). In this regard it is important to point out that the 

OXPHOS phenotype is associated with a slow-cycling state (57).  

              

Figure 12. Switching phenotype model from proliferative to invasive state upon drugs exposure. This transitory model 

allow to switch back to the proliferative phenotype in order to promote growth at metastatic site (Arozerena et al, 2019). 

Drug-adaptation is also characterized by “switching phenotype” model, a typical 

prerequisite of drug-tolerant cells. As described in figure 12, melanoma cells have a 

predisposition to switch their transcriptional programs from a proliferative/drug sensitivity 

phenotype to an invasive/drug-tolerant phenotype, in order to bypass the efficacy of drug 

treatments (58,59). Several studies have highlighted distinct molecular signatures belonging 
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to drug-sensitive or drug-tolerant phenotypes respectively both in in-vitro cultures and in 

sample biopsies. The drug-sensitive phenotype is associated with high levels of SOX10, 

MITF and MLANA genes whereas the drug-tolerant phenotype with TGFβ, SOX9 and AXL 

Tyrosine-kinase receptor expression (60, 61). Single-cell RNA Sequencing allowed to 

decipher different transcriptomic states which co-exist in a dynamic equilibrium and which 

dictate the degree of response to target therapies. These evidences led to conceptualize a 

model for which resistance to BRAF-MEK inhibitors derives from the switch from 

MITF high/AXL low to MITF low/ AXL high transcriptional programs (62). Moreover, a 

recent study on BRAF-mutated melanoma cell lines highlighted how the simultaneous 

existence of different transcriptional states could predict response to treatments (63). 

Finally, Neural-Grow Factor Receptor (NGFR) has been recently described as a marker of 

invasiveness and of stem cell like features (64). In in vivo models, high expression of NGFR 

is linked to epithelial to mesenchymal transition phenotype (65).  

In conclusion drug-adaptation causes the loss of efficacy of target therapy with BRAF and 

MEK inhibitors.  In order to identify new master regulatory networks involved in drug-

adaptation our group started to study some years ago the involvement of  microRNAs, a 

class of non-coding RNAs which act as important post-transcriptional modulators of gene 

expression in eukaryotic cells and which have been widely described as one of the hallmarks 

of cancer development and progression. 
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1.3 MicroRNAs orchestrate non-mutational mechanisms involved in drug-

resistance in melanoma: focus on mir-579-3p 

MicroRNAs (miRNAs) are small single-stranded non-coding RNAs, with average length  of 

22 nucleotides (66).  Many miRNAs are highly conserved across species and are present in 

plants, animal and in some viruses. Actually, 2588 microRNAs are annotated in human 

genome (67).  These small molecules act as key modulators of post-transcriptional gene 

expression by inhibition of specific mRNAs. Indeed, microRNAs action mechanism is based 

on perfect or imperfect pairing to the 3' UTR of the mRNAs through a 5' domain of the same 

micro-RNA defined as "seed region" that includes a number of 2-8 nucleotides (68). miRNAs 

characterized by the same "seed region" belong to the same family. In particular, a perfect 

binding induces the degradation of the messenger RNA, through the recruitment of 

deadenylase complexes such as CCR4-NOT and PAN2-PAN3 or the recruitment of 

decapping enzymes such as DCP1-DCP2. On the other hand, an imperfect binding leads to 

steric hindrance which in turn obstructs ribosome sliding on messenger RNA inhibiting 

translation mechanism (69).  

        

Figure 13. MicroRNAs mechanism of action. Perfect or near-perfect complementary on mRNAs target induce mRNA 

degradation or mRNAs non-translation as a consequence of translation block (Fattore et al, 2017).  

 Since microRNAs are essential elements in the maintenance of cellular and tissue 

homeostasis, their de-regulation alters normal biological functions triggering a whole series 

of human pathologies, including the development of cancer (70). miRNAs are key 

regulators of cell transcriptome because of their pleiotropic behavior, whereby a single 

molecule can inhibit the expression of several messenger RNAs, influencing multiple 
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cellular pathways simultaneously. Coherently, the same mRNA may be targeted by 

different micro-RNAs (70).  The effects on cancer cell behavior allow to divide microRNAs 

into two categories: miRNAs with onco-suppressor properties by targeting onco-mRNAs 

(tumor suppressor miRNAs) or with oncogenic capacity by targeting mRNA-coding tumor 

suppressors (oncomiRs) (70).  

                                     

Figure 14. miRNAs control the expression levels of various mRNAs thus controlling multiple molecular pathways. In 

particular the figure shows how a single miRNA is able to target several mRNA targets (left drawing) or the same 

molecular pathway can be affected by multiple miRNAs (right drawing) (Fattore et al, 2018). 

 

Due to well-known mode of action, several studies have highlighted how microRNAs are 

key players regulating non-mutational mechanisms involved in the establishment of 

adaptive drug-resistant states to target therapies in metastatic melanoma (71). In this 

context, microRNAs can act as “facilitators” or “antagonists” of resistance. As example of 

“antagonist” of resistance, the group of Prof. Mancini discovered some years ago miR-579-

3p as a key regulator of melanoma progression and drug resistance (72). The expression of 

miR-579-3p drastically decreases in stage III and stage IV compared to normal melanocyte 

where the endogenous levels are higher. Moreover, low levels are associated with poor 

clinical outcomes. miR-579-3p acts as onco-suppressor since it inhibits specific oncogenes 

involved in proliferation and cell survival. Specifically, miR-579-3p has different consensus 

binding sites within the 3' UTR region of both BRAF and MDM2 oncogenes. Indeed, miR-

579-3p enforced expression strongly reduces cell proliferation, exhibiting its onco-

suppressive force. As mentioned in the previous paragraph, BRAF mutations are a principal 
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mechanism of activation of the MAPK proliferative pathway and its inhibition affects cell 

proliferation. On the other hand, MDM2 is a negative regulator of p53 and p21 genes that 

are two known onco-suppressor genes involved in DNA repair, apoptosis and cell cycle. 

Furthermore, miR-579-3p is able to potentiate the inhibition of proliferation induced by 

BRAF+MEK inhibitors in parental BRAF-mutated melanoma cell lines suggesting the use of 

this molecule in clinical practice.  miR-579-3p levels are strongly down-regulated both in in 

vitro resistant melanoma cell lines and in tumor biopsies of melanoma patients after disease 

recurrence. 

Subsequently, the laboratory of Prof. Mancini in collaboration with Prof. Ciliberto focused 

on the temporal evolution of global microRNAs changes (miRNAome) after treatment with 

BRAF+MEK inhibitors, both in vitro and in vivo (73). These studies led to demonstrate that 

changes in the expression of specific microRNAs corresponds to the deregulation of 

molecular pathways associated with melanoma progression and resistance to MAPK 

inhibitors such as resistance to apoptosis, activation of pro-oncogenic pathways or also 

modulation of angiogenesis. For instance, it was shown that miR-204-5p and miR-199-5p 

are down-regulated during the development of drug resistance and act as “antagonists” of 

resistance because they target oncogenic genes such as BCL-2 and VEGF respectively. On 

the other hand, up-regulated miR-4443 and miR-4488 are considered “facilitators” of 

resistance because of their  targeting of PTPN14 , a negative regulators of the YAP/TAZ 

signaling pathway (73). 

In conclusion, when I started my PhD thesis work the laboratory of Prof. Mancini had 

provided robust evidence as to the involvement of microRNAs in adaptive non genetic 

resistance of melanoma to target therapy and had discovered a set of interesting miRNAs 

among which in particular the newly discovered oncosuppressor miR-579-3p. 

Given the pleiotropic effects of miR-579-3p, it was plausible at the time of beginning of my 

PhD thesis work to speculate that, enforcing its expression, would be able to affect 

simultaneously multiple cellular pathways and, therefore, could interfere heavily with drug 

adaptation mechanisms and, as discussed above, this would result in impairing the 



23 
 

establishment of drug resistance. As mentioned above, drug adaptation is due to cell 

plasticity and this in turn is linked to intratumor heterogeneity. Hence, it is necessary to 

introduce here the concept of  tumor heterogeneity and briefly describe the single-cell 

technologies to study this phenomenon.  

 

 

1.4 Tumor heterogeneity as fueling force driving resistance to target 

therapies 

Tumor heterogeneity refers to the existence of different tumor cells that do not share the 

same  genetic and phenotypic profiles such as proliferation-driving mutation, metabolism, 

motility, and metastatic potential (74-78). In cancer biology, tumor heterogeneity can be 

distinguished in two main types: inter-tumor and intratumor heterogeneity (79). Inter-

tumor heterogeneity refers to different spectrum of molecular alterations among cancer 

patients. It has been long recognized that inter-tumor heterogeneity results from patient-

specific factors including germline genetic variations, differences in the somatic mutation 

profile, and environmental factors. For example, melanomas are one of the most 

heterogeneous cancer and  histological samples of this tumor showed molecular differences 

among patients, i.e. specific oncogenic mutations driving melanoma progression (79).  

 

                                     

Figure 15. Spatial (a) and temporal (b) heterogeneity. Spatial heterogeneity reflects unequal distribution of cells with 

https://en.wikipedia.org/wiki/Morphology_(biology)
https://en.wikipedia.org/wiki/Phenotype
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genetic and phenotypic differences within same tumor lesion. Temporal heterogeneity arises as molecular changes upon 

the selective pressure of external perturbation such as therapies (Dagogo-Jack, 2017). 

 

Intratumor heterogeneity refers to the co-existence within the same tumor of different cell 

sub-populations characterized by specific genomic, transcriptomic, epigenomic alterations 

(86). As described in figure 15, intratumor heterogeneity can be distinguished in two types: 

spatial and temporal. Temporal heterogeneity refers mainly to the molecular 

reprogramming of cancer cell composition over time triggered in response to external 

perturbations, such as anti-cancer therapies (80). Spatial heterogeneity consists in the 

uneven distribution of malignant cell subpopulations across different regions of the primary 

tumor and/or metastatic sites (80). In recent years the study of intratumor heterogeneity has 

been given an unprecedented impulse thanks to the development of several single cell 

technologies, in particular single cell RNA seq but also single cell proteomic approaches 

such as mass cytometry (81, 82).  

In this regard it is important to point out that single cell RNA Seq studies demonstrated that 

BRAF-mutated drug-naïve melanoma cells are composed of cells with two distinct 

phenotypes characterized by high or low levels of MITF and its downstream target genes 

respectively (83). These cell populations are in equilibrium with each other. After short-term 

drugs exposure, the MITF high -derived subpopulation showed  up-regulation of PKM2, 

LDH2 and SLUG oncogenes whereas MITF low-derived subpopulation was characterized 

by dominant expression of TNFR, N-cadherin and p-NFkB-p65. These findings support the 

notion that, in order to block the development of a drug tolerant state it is necessary to 

intervene pharmacologically on parallel transcriptional trajectories.  

In conclusion, selective pressure imposed by target therapies induces a series of non genetic 

changes fueling spatial and temporal heterogeneity. Based on this concept, our group 

hypothesized that the previously identified miR-579-3p might exert its inhibitory effects on 

the development of drug resistance thanks to its capacity to inhibit simultaneously  several 

cellular pathways. This could ultimately results in a reduction of cellular heterogeneity in 

response to drug treatment. In order to test this hypothesis we decided to use single cell 
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mass cytometry as technology to study temporal evolution of cell heterogeneity in a 

simplified system constituted by a genetically homogeneous population of melanoma cells 

where mir-579-3p expression can be turned on or off.  

 

                           

Figure 16. Single-cell proteomics by mass cytometry (Minakshi et al, 2021).    

Single-Cell Mass Cytometry (CyTOF) is a highly-multiparametric technology that employs 

heavy metal-isotope coupled antibodies for surface and intracellular antigens.  Isotope of 

the same metal differ by mass unit  which do not cause overlapping signals, resulting in 

greater specificity and sensibility. Hence, it is possible to use more than 40 antibodies 

simultaneously. As shown in figure above, mass cytometry takes advantage of mass 

spectroscopy technology. After cell staining with antibodies cocktail, single cell are 

vaporized and atomized resulting a ion cloud of antibodies coupled with specific antigens. 

Ionized components are quantified using a time-of-flight (TOF) mass spectrometer as the 

isotope signal from individual cellular antigens arrives at the detector (figure 16).  
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2. AIMS OF THE THESIS 

My PhD thesis work is directed to contribute to a better understanding of the mechanisms 

at the basis of the development of acquired resistance to target therapy in metastatic 

melanoma, and to try to identify approaches to inhibit them. In the last years growing 

evidence has been accumulating that in a population of BRAF-mutated melanoma cells 

exposed to BRAF and or MEK inhibitors non-mutational adaptative changes take place 

which allow the survival of a small subpopulation of tumor cells under this drug selective 

pressure. The subsequent development of acquired resistance and of overt tumor re-growth 

strictly depends upon events occurring in this surviving population. Therefore, a better 

understanding of the molecular mechanisms underlying drug-adaptation could allow to 

identify new vulnerabilities to reduce the risk of relapse and potentially to eradicate cancer. 

In this context, based on previous studies conducted in the laboratory of my PhD Thesis 

supervisor it was possible to speculate that microRNAs, given their role as pleiotropic 

controllers of several cell survival and oncogenic pathways, may be involved in cell 

adaptation through modulation of their expression. Hence the underlying rationale behind 

my PhD thesis work is that changes in microRNA expression contribute to drug adaptation 

and that reinstalling their correct expression is able to counteract drug adaptive changes 

and, as a consequence, to block the development of drug resistance. In order to test this 

hypothesis I chose to study the effect of modulating miR-579-3p expression. This miRNA 

was discovered a few years ago in the laboratory of Prof. Mancini in collaboration with Prof. 

Ciliberto to act as an oncosuppressor in drug resistant melanoma cells. As model system I 

decided to use  one of the most widely used metastatic human melanoma cell lines, namely 

A375.  

Based on the previous assumptions, the aims of my thesis have been:  

 To engineering and phenotypically characterize BRAF-mutated A375 melanoma 

clones with transcriptionally inducible expression of miR-579-3p. 
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 To assess whether the inducible expression of miR-579-3p alone or in combination 

with exposure to BRAF-MEK inhibitors is able to reduce or delay the 

establishment of drug-tolerant state to target therapies over time and to impair 

long term tumor growth. 

 To identify, through RNA-Sequencing, the main transcriptional pathways 

modulated by miR-579-3p alone or in combination with BRAF and MEK 

inhibitors which might be involved in the establishment of drug-tolerance 

 To assess whether inducible expression of  miR-579-3p alone or in combination 

with BRAF and MEK inhibitors is able to affect the degree of cell heterogeneity in 

a genetically homogeneous cell population, measured  using mass cytometry 

(CyTOF) 
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3. MATERIALS AND METHODS  

3.1 Cell lines and treatments 

Human melanoma cell line A375 (BRAFV600E) was purchased from American Type Culture 

Collection (ATCC®). HEK-293TN (LV900A-1-GVO-SBI) was purchased from System 

Biosciences (SBI). Drug resistant A375 melanoma cells were selected by treating drug 

sensitive cells for about two months with increasing drug concentrations every two weeks 

(from 50 nM to 2 μM). A375-CymR cell line was generated after lentiviral transduction with 

CymR repressor plasmid (see below). A375-miR579IndEx clones were generated after 

lentiviral transduction of A375-CymR with plasmid carrying miR-579-3p, followed by 

limiting dilution (see below). All human melanoma cell lines used in the present work were 

cultured in RPMI supplemented with 10% (vol/vol) FBS; HEK-293TN cells were cultured in 

DMEM supplemented with 10% (vol/vol) FBS.  For short-term and long-term drug-

treatments, BRAF inhibitor (Dabrafenib) and MEK inhibitor (Trametinib) were used at IC50 

concentration for A375 melanoma cell line (84). For dose-response experiments, 11 scaled 

dose concentration (1:3) of Dabrafenib and Trametinib were used, starting from 1uM.  As 

datasheet reported,  100 μg/ml of Cumate was used to induce the expression of miR-579-3p.  

 

3.2 Antibodies and reagents 

Antibodies against BRAF and GAPDH were obtained from Santa-Cruz Biotechnology. 

Phospho-ERK 1/2 was purchased from Cell Signaling Technology. TaqMan probes for U6 

and miR-579-3p were purchased from Applied Biosystem. Forward and Reverse primers 

relative to H3 and CymR have been used in the work (85). Dabrafenib and Trametinib were 

obtained from Novartis Pharma S.p.A.  

 

3.3 RNA extraction and real-time PCR analysis 

RNA was extracted using TRIzol method (Invitrogen) according to manufacturer’s 

instruction and eluted with 0,1% diethylpyrocarbonate (DEPC)- treated water. Total RNA 
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was quantitated by the Qubit 2.0 fluorometer (Thermo fisher) using the appropriate Qubit 

RNA BR (Broad Range) and HS (High Sensitivity) kits, containing a highly selective 

fluorescent molecule for binding with RNA molecules. 1μg of total RNA was treated with 

DNAse I (Thermo fisher), to eliminate the DNA contamination, and subsequently 

retrotranscribed using the kit Super Script First-Strand Synthesis System (Thermo fisher), 

according to the manufacturer's instructions. The cDNAs obtained, were adequately diluted 

in DEPC-H20. Subsequently 10 ng or 200 ng of cDNA were used to quantize the expression 

of miRNAs or genes respectively through Real-time PCR, using the TaqManW (Applied 

Biosystem) assay. Each targeted transcript was validated using the comparative Ct method 

for relative quantification (ΔΔCt). GADPH was used as a normalizer for genes while U6 was 

used as a normalizer for miRNAs and the relative expression of each gene was determined 

using method 2 (-ΔΔCT). 

 

3.4 Western blot analysis 

Cells were lysed with RIPA buffer; 50 μg of total protein were resolved under reducing 

conditions by 8% SDS-PAGE and transferred to reinforced nitrocellulose (BA-S 83, Schleider 

and Schuell, Keene, NH, USA). The membranes were blocked with 5% non fat dry milk in 

PBS 0.1% Tween 20, and incubated with the different primary antibodies. The membranes 

were rehydrated and probed again with anti-GAPDH, to estimate the protein equal loading. 

Densitometric analysis was performed using Quantity One Program (Bio-Rad Laboratories 

GmbH) and results were expressed as mean values from three independent experiments.  

 

3.5 Cell viability assays 

The number of viable melanoma cells was measured by quantification of the ATP present 

according to Cell Titer-Glo® Luminescent Cell Viability assay protocol and colony formation 

assays were performed as described in this work (84). 
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3.6 In vitro colony formation assays 

Cells viability was determined by crystal violet staining. Briefly, the cells were stained for 

20 min at room temperature with staining solution (0,5% crystal violet in 30% methanol), 

washed four times with water and then dried. Cells were then dissolved in acetic acid 

(CH3COOH) solution and the absorbance (595 nm) was read using a microplate ELISA 

reader. 

 

3.7 FACS analysis  

The expression of Green Fluorescence Protein (GFP) was evaluated by FACS analysis. A 

total of 1 × 105 cells were resuspended in 500 µL of 2 mM EDTA and 2% BSA in 1X PBS and 

run to a flow cytometer.  Non-GFP cells were used as control. For cell cycle analysis, cells 

were pelleted and 250 μl PBS (Sigma-Aldrich) and 10 μl RNase-A (Sigma-Aldrich) were 

added to the pellet. Cells were incubated at 37 °C for 30 min. Then propidium iodide (Sigma-

Aldrich) was added (1 mg/ml) and cells were incubated at room temperature, in the dark, 

for 5 min. Approximately 10,000 events per sample were acquired with a CytoFLEX 

(Beckman Coulter, Milan, Italy) instrument equipped with three lasers (488 nm, 405 nm and 

638 nm) and 9 detectors. Quality control of the cytometer was assessed daily using 

CytoFLEX Daily QC Fluorospheres (Beckman Coulter #B53230). Data were collected by 

CytExpert 2.2 version (Beckman Coulter) software. If needed, a compensation matrix was 

calculated using a VersaComp Antibody Capture Kit (Beckman Coulter #B22804) according 

to the manufacturer’s instructions. FCS files were analyzed using CytExpert version 2.2 

software. 

 

3.8 Generation of inducible cell clones 

Human melanoma A375 cell line was used to generate inducible cell line expressing miR-

579-3p. The construction of this new model is based on two subsequently lentiviral 

transductions. SparQ Cumate Switch protocol, Cat. #QMXXX Series from System 

https://www.ncbi.nlm.nih.gov/nuccore/B53230
https://www.ncbi.nlm.nih.gov/nuccore/B22804
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Biosciences S.p.A. was used.  

 First Infection With The Lentivirus Containing Cymr Repressor  

A375-CymR stable cell line was generated by infection with lentivirus containing CymR 

repressor and resistance to Puromycin as selection marker (QM200VA-1; pCDH-EF1-CymR-

T2A-Puro). A375 cells were cultured in 24 well plates at a concentration of 20.000 cells per 

well and incubated overnight. For lentivirus infection, 10%-30% of cell confluence was 

required. A mix containing RPMI, Polybrene (1:1000) and 20 MOI (multiplicity of infections) 

of lentiviral particles were added to cells. Polybrene is a highly efficient infection reagent 

used to introduce lentiviral vectors into mammalian cells. Puromycin (500 μg/ml) was 

added to the culture medium 48 h after the transfection to select a pool of Puromycin-

resistant cells (A375-CymR).  

 Second Infection With Lentivirus Containing mir-579-3p Plasmid  

Differently from generation of A375-CymR, second infection consist in two steps: 1) 

production of pseudoviral particle containing miR-579-3p plasmid; 2) Lentiviral 

transduction on A375-CymR.  To this purpose, pCDH-CuO-MCS-EF1-copGFP (QM511B-1) 

plasmid containing miR-579-3p/green fluorescence protein (GFP) and pPACKH1 Packaging 

Plasmid Mix were purchased from System Biosciences (SBI). pPACKH1 Packaging Plasmid 

Mix contains the structural (gag), and replication (pol) genes which code for some of the 

proteins required to produce the lentivirus. To obtain pseudoviral particle, HEK293TN were 

plated at 10%-30% of confluence and subjected to co-transfection with 45 μl of Packaging 

Plasmid Mix together with 3 μg of plasmid containing miR-579-3p and GFP expression. 48h 

after co-transfection, HEK293TN will release in culture medium new pseudoviral particles 

containing pCDH-CuO-MCS-EF1-copGFP plasmid.  Hence, culture medium were 

centrifuged at 3000 x g for 15 minutes at room temperature to pellet cell debris. Supernatant 

was resuspended wit 1X PBS and stored at -80°C.  

Subsequently, A375-CymR were plated at 10%-30% of confluence and subjected to infection 

with mix containing  5 μl of lentiviral particles, RPMI and Polybrene (1:1000). After 72h of 
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lentiviral infection, individual clones were isolated from this pool by the method of limiting 

dilution and characterized by homogenous expression of GFP with FACS analysis and the 

capability to induce miR-579-3p after adding 100 μgr/ml of Cumate.  

 

3.9 Bulk RNA Sequencing  

Total RNA was extracted from matched PBMC and PEMC of 5 LUAD patients and from 

PBMC of 4 HDs, using Qiazol (Qiagen, Hilden, Germany), purified from DNA 

contamination through a DNase I (Qiagen) digestion step, and further enriched by Qiagen 

miRNeasy columns profiling (Qiagen). Quantity and integrity of the extracted RNA were 

assessed by Nanodrop Spectrophotometer (Nanodrop Technologies LCC, Thermo fisher, 

Waltham, MA, USA) and by Agilent 2100 Bioanalyzer (Agilent Technologies, Santa Clara, 

CA, USA), respectively. RNA libraries for sequencing were generated using the TruSeq 

RNA Exome kit (Illumina, San Diego, CA, USA). The procedure consists of two steps, the 

first one is a general whole transcriptome strand specific library preparation followed by a 

specific exon targeting enrichment. The quality of the resulting libraries was assessed via 

Bioanalyzer (High Sensitivity DNA Kit). The intermediate library, before exon enrichment, 

was quantified by Qubit, the final library by qPCR. Samples were sequenced in paired-end 

mode, sequencing 76 bp from each side, with NextSeq 500 System (Illumina).  

 

3.10 RNA data processing, identification of DEGs and pathway analysis 

RNA-seq raw data were processed thanks to the nf-core/rna-seq pipeline (v 2.4) (86), which 

carries out the primary analysis of the mapping onto the reference genome (GRCh37) 

providing Quality Control metrics of the analysed samples. Both the raw counts (Feature 

Counts) and the TPM (Transcript Per Million) normalized pseudo counts from the Salmon 

tool were obtained from the pipeline. For DEG identification, genes with Log2Fold Change> 

0.15 and adjusted p-value <0.05 were considered as statistically significant. The biological 

function of DEGs was identified by Gene Ontology (GO) analysis using the R package (87). 

A Gene Set Enrichment Analysis (GSEA software; https://www.gsea-msigdb. 

https://www.gsea-msigdb/
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org/gsea/index.jsp) was conducted by using the curated gene sets of the Molecular 

Signature Database (MSigDB) derived from KEGG, Hallmark, Reactome, and Biocarta 

collections. GSEA was run in pre ranked mode using classic as metric and 1000 

permutations (FDR<0.1, p-value<0.05). 

 

3.11 Single-cell mass cytometry 

For single-cell analysis via CyTOF2, 3 × 106 cells from each condition were used. Cells were 

centrifuged at 600× g for 5 min and washed in D-PBS w/o calcium and magnesium (BioWest, 

Milan, Italy). To minimize inter sample staining variation, we applied mass-tag barcoding 

protocol on fixed cells. Cells were fixed with 1 mL Fix I buffer and incubated for 10 min at 

RT. The fixation was quenched with Barcode Perm Buffer (Fluidigm, CA, USA). The 

samples from the different conditions were barcoded by individually incubating cells with 

the appropriate combination of palladium isotopes from the Cell-IDTM 20-Plex Pd 

Barcoding Kit in Barcode Perm Buffer for 30 min at RT. The staining was quenched with 

MaxPar Cell Staining Buffer (Fluidigm, CA, USA). The antibody staining with metal-tagged 

antibodies against surface and intracellular antigens was performed on pooled samples 

after mass-tag cellular barcoding. Samples were collected into one unique tube, and the 

surface antibody-staining protocol was performed according to the manufacturer’s 

instructions for 30 min at RT. Surface-stained cells were then washed twice with MaxPar 

Cell Staining Buffer and permeabilized with ice-cold methanol on ice for 10 min. Membrane-

permeabilized cells were washed twice with MaxPar Cell Staining Buffer and incubated 

with antibodies against intracellular antigens for 30 min at RT according to the 

manufacturer’s instructions. 

The full list of antigens is provided in Table 1.  

ANTIGENS METALS 

CD63 150ND 
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CD47 209BI 

CD147 156GD 

CD90 161DY 

CD271 149SM 

CD274 159TB 

CD273 172TB 

CD56 163DY 

NOTCH2 165HO 

NG2 174YB 

MART1 155GD 

AXL  169TM 

pNFKB 163ER 

MITF 170ER 

BETA-

CATENIN 

147SM 

pERK 1/2  167ER 

pAKT 152SM 
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pCREB 176YB 

NESTINA 151EU 

pSTAT3 158GD 

 

After intracellular antibody staining, cells were washed twice with MaxPar Cell Staining 

Buffer and stained for 1 h at RT with an intercalation solution composed of Cell-ID 

Intercalator-Ir (191Ir and 193 Ir) (Fluidigm, CA, USA) into MaxPar Fix and Perm Buffer at a 

final concentration of 125 nM. Cells were washed twice with MaxPar Cell Staining Buffer 

and MaxPar Water supplemented with 0.1% Tween, respectively. For mass-cytometry 

acquisition, cells were resuspended at the final concentration of 2.5 × 105 cells per ml in 

ddH2O containing 10% of EQTM Four Element Calibration Beads and filtered through a 30-

µm filter-cap FACS tube. All the reagents and antibodies for mass cytometry experiments 

were purchased from Fluidigm Corporation (Fluidigm, CA, USA). Samples were kept on 

ice prior to acquisition by using the mass-cytometry platform CyTOF2 (Fluidigm, CA, USA); 

data were collected as .fcs files. 

 

3.12 CyTOF data processing 

Following data acquisition, channel intensity was normalized using calibration beads and 

files were debarcoded by using the Debarcoder software (Fluidigm). Data were gated using 

Cytobank (Beckman Coulter, Milan, Italy) (88). Cells were identified by the incorporation of 

two iridium isotopes, 191Ir (DNA1) and 193Ir (DNA2). Next, singlets were discriminated 

from doublets using the event length parameter and analyzed using the tSNE and FlowSOM 

alghoritms. The t-SNE maps were generated by the t-SNE algorithm with the following 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7922544/#B24-jcm-10-00823
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settings: 350,000 events using a proportional event sampling; 1000 iterations; perplexity 30; 

seed 641220519.  

 

3.13 Statistical analysis 

Experiments were replicated at least three times and the data were expressed as average 

±SD or ±SE of the mean (SEM). Differences between groups were analyzed with a two-tailed 

paired or unpaired Student’s t-test and were considered statistically significant for p-value 

<0.05. 
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4. RESULTS 

4.1 Generation of a cell clone with transcriptionally inducible expression of 

miR-579-3p 

miR-579-3p has been previously identified by the laboratory of my PhD thesis supervisor 

as a tumor suppressor microRNA whose down-regulation occurs during tumor 

progression. This microRNA was shown to have pleiotropic functions on cell proliferation, 

cell cycle progression, cell migration, and apoptosis. They are in part explained by its ability 

to target directly two oncogenes, namely BRAF and MDM2. miR-579-3p acts as antagonist 

of drug resistance to target therapies in BRAF-mutated melanomas in long term clonogenic 

assays (72). In order to study the influence of miR-579-3p on drug adaptation, i.e. in the very 

early response of BRAF mutated cells after drug exposure, we decided to build a stable cell 

line bearing a transcriptionally inducible construct coding for this microRNA. In order to 

achieve this goal we decided to use the Cumate Switch OFF/ON system which exploits the 

repressor from the bacterial operon CymR to regulate the desired target gene. As reported 

in the model in figure 17, in the OFF configuration the CymR Repressor binds to its operator 

which is cloned between a eukaryotic promoters (such as for example CMV) at the 

transcriptional start site of the target gene. This binding blocks gene expression. In the ON 

configuration, in the presence of the drug Cumate which binds the CymR Repressor, the 

repressor is released from the operator upon an allosteric conformational change of the 

protein and gene expression of the downstream gene can occur.  Cumate causes a change 

in conformation of CymR repressor so that it cannot bind CuO site and CMV5 promote will 

be active.  
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Figure 17. Molecular model of inducible system allowing  switch on/off miR-579-3p expression (from Manual of SparQ™ 

Lentiviral Cumate Switch Inducible system) . 

The construction of this system is based on two subsequent lentiviral transductions 

consisting first in the selection of a stable clone carrying the CymR repressor by plasmid 

(pCDH-EF1-CymR-T2A-Puro). Subsequently these cells are lentivirally transduced with a 

second construct carrying the target gene under control of the Cumate operator followed by 

the green fluorescent protein (GFP) gene under control of a constitutively active EF1 promoter 

(pCDH-CuO-MCS-EF1-copGFP) (see materials and methods). We decided to use as cell 

system A375 a well-known and widely used BRAF mutated melanoma cell line of human 

origin (89).  Firstly, A375 were subjected to lentiviral transduction with plasmid containing 

CymR repressor (figure 18 A). As shown, this plasmid contains the Puromycin resistance 

marker which allowed to select cells stably overexpressing the construct adding this 

antibiotic in culture medium. These cells were subjected to quantitative Real time-PCR in 

order to evaluate the expression of CymR repressor (figure 18 B).  Results show that CymR 

repressor was highly expressed after lentiviral transduction. This new cell line, namely 

A375-CymR, was used for the second lentiviral transduction using the Cumate Switch 

Inducible system described in figure 18 C.  

As shown in figure 18 D, a large proportion of lentiviral vector exposed cells showed 

expression of GFP as a control of efficient transduction. This cell population was subjected 

to serial limiting dilution in order to obtain individual clones starting from single cells. 
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Figure 18. Steps to obtain clonal population containing “Cumate Switch” Inducible System. (A) Genetic map of plasmid 

containing CymR repressor. (B) CymR repressor was evaluated by RT-PCR. (C) Genetic map of construct carrying miR-

579-3p. (D) The expression of green-fluorescent protein (GFP) by fluorescence microscope indicates that the insertion of 

lentiviral vectors into genome was successful (10x and 20x magnification). 

Three different clonal populations were obtained after limiting dilution, which were 

characterized by the expression of miR-579-3p by adding Cumate to culture medium.  

As shown in figure 19, the different clones showed a different degree of up-regulation of 

microRNA expression. Clone n°1 showed the lowest increase of miR-579-3p; clone n°2 

intermediate levels, clone n°3 the highest expression of miR-579-3p.  

Based on these results clone n°3 has been chosen for further analyses.  
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Figure 19. Three different clones were obtained by limiting dilution. Levels of miR-579-3p were evaluated by RT-PCR after 

72h upon Cumate adding. 
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The name given to this new cell population is A375-miR579IndEx (inducible expression). 

To better characterize clone n°3, FACS analyses were performed. Figure 20 shows the 

differences in GFP expression before (left panel) and after (right panel) limiting dilution. In 

detail, FACS results demonstrated that before limiting dilution transduced A375 were 

characterized by a heterogeneous GFP expression (left panel). In contrast clone n°3 is 

characterized by a higher intensity and a unique peak of GFP positivity (right panel). These 

results confirmed the purity of our clonal selection. 

 

 

Figure 20. FACS analysis showed differences in GFP expression after (left panel) and before (right panel) limiting dilution 

method. Clonal population A375-miR579-IndEx homogenously express GFP by FACS analysis(right panel)  

The subsequent experiments were carried out using A375-miR-IndEx as model of study.   

 

 

 

 

 

 



41 
 

4.2 Biochemical and functional characterization of the A375-miR-index  

(clone n°3) 

First of all the plasticity of the A375-miR579IndEx cell model has been tested. To this aim, 

cells were treated with 100 µgr/ml of Cumate for 72 h (see material and methods for details), 

then cell media was  replaced for additional 72 h in the absence of Cumate. RNA was 

extracted and subjected to Real-Time PCR analysis to measure the expression levels of miR-

579-3p. The results (figure 21) show that miR-579-3p expression was strongly upregulated 

by the presence of Cumate (CUM ON). In contrast, when Cumate was removed from the 

medium, miR-579-3p levels dramatically decreased (CUM OFF).   

 

 

 

 

 

 

Figure 21. Real-Time PCR on miR-579-3p highlighted the plasticity of this inducible model. The presence of Cumate in 

culture medium increased the transcription of miR-579-3p (CUM ON) whereas Cumate removal from medium strongly 

reduced miRNA expression levels (CUM OFF).  

It was previously shown that miR-579-3p acts as onco- 

suppressor miRNA by targeting the 3’ UTR of the BRAF oncogene and by negatively 

regulating the MAPK-ERK pathway. In agreement with this melanoma cells transiently 

transfected with a miR-579-3p mimic strongly reduced endogenous BRAF levels (72). To 

assess whether the same effect is also observed in the “Cumate Switch” Inducible Model,  

Western Blot analysis was performed with protein extracted from A375-miR579IndEx cells 

after induction for  72 h with Cumate. The results (figure 22) show both by qualitative and 

quantitative Western Blot analyses, that the induction of miR-579-3p expression reduced 
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endogenous BRAF protein levels. In addition, also a strong reduction of ERK 1/2 

phosphorylation was observed, underlying that miR-579-3p is able to down-regulate the 

activation of the  MAPK-ERK oncogenic pathway through the inhibition of the BRAF 

oncoprotein. 

 

 

 

 

 

 

 

 

 

Figure 22. miR-579-3p induction impacts on MAPK-ERK signaling. A375-miR579IndEx cells were treated with Cumate for 

72h and then subjected to Western Blot analysis. 

miR-579-3p transient overexpression has been previously reported by our group to be able 

to potentiate the growth inhibitory effects of targeted therapies on BRAF-mutant melanoma 

cells (72). Therefore, the following experiments were directed to assess whether inducible 

miR-579-3p upregulation could be able to exert the same effects. To this purpose, clonogenic 

assays were carried out on A375-miR579IndEx cells treated with Cumate alone, Dabrafenib 

+ trametinib (MAPKi), or their combination. In detail, these experiments were performed 

measuring the clonogenicity of the cells through Crystal Violet staining after 72 h of 

exposure to 100 µgr/ml of Cumate alone or in combination with the concentration relative 

to the IC₅₀ of Dabrafenib [2nM] and Trametinib [1nM] (calculated on A375 parental 

melanoma cell line) (84). Results shown in figure 23 demonstrated that Cumate alone did 
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not affect cell clonogenicity whereas it was able to strongly potentiate targeted therapies 

growth inhibitory effects. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 23. miR-579-3p induction potentiates MAPK inhibitors in short-term condition. A375-miR579IndEx cells were 

plated in 60mm2 dishes and subsequent treated with Cumate, MAPK inhibitors (BRAFi plus MEKi), and combination 

MAPKi plus Cumate. After 72 h, cell were processed by Cristal Violet assay.  

To further investigate the effect of miR-579-3p induction, proliferation assays were carried 

out on A375-miR579IndEx cells using cell-titer Glo assays. This method measures the 

number of viable and metabolically active cells based on the quantification of ATP levels. 

Also in this case, figure 24 A showed that the induction of miR-579-3p alone upon Cumate 

exposure for 72 h did not affect cell viability. 
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A                                                                       B 

                                                           

Figure 24. Cell-titer Glo assay shows that miR-579-3p in combination with MAPKi inhibits cell viability. (A) Only miR-

579-3p induction not impair cell viability after 72 h of treatment with Cumate. (B) Dose-response curve for evaluating of 

ATP levels and cell vitality on A375-miRIndEx with MAPK inhibitors alone and in combination with Cumate after 72 h of 

treatments.   

In contrast, when Cumate was added to cell culture in combination with MAPKi, this 

resulted in a synergistic inhibition of cell growth especially at low drug concentration as 

shown in the dose response curve (figure 24 B) . 

These data taken together show that A375-miR579IndEx cells undergo the desired 

transcriptionally inducible expression of miR-579-3p and this is resulting in downregulation 

of MAPK-ERK signaling and reduction of cell growth in synergy with MAPK inhibitors. 

Hence this is a suitable system for further studies.  
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4.3 miR-579-3p prevents the onset of resistance to MAPK inhibitors in BRAF-

mutated metastatic melanoma 

The results of the previous section have allowed to set up the A375-miR579IndEx cell model 

and demonstrated that the inducible expression of miR-579-3p is able to potentiate MAPK 

inhibitors in short term clonogenic assays.  

The following experiments took advantage of this model to perform different biological 

long term assays in the presence of either Cumate and/or MAPKi. The goal of these studies 

were directed to assess whether miR-579-3p inducible expression could be able to hamper 

the establishment of drug tolerance upon exposure to target therapy. Before using the A375-

miR579IndEx cell model the experimental conditions were set up using the relative A375 

drug sensitive parental counterpart.  To this aim, cells were exposed for one month to the 

combination of Dabrafenib (as BRAFi) and Trametinib (as MEKi) at the concentration 

corresponding to the IC50, i.e. 2nM and 1nM of the two drugs, respectively for the following 

times different time points (3, 6, 12, 21, 30 days) . In order to maintain continuous exposure 

to the two drugs fresh addition of the two MAPKi was ensured every 3 days. Cells were to 

two different biological assays, i.e. cell cycle analysis and clonogenic assays.  

The results of cell cycle analysis, performed using Flow cytometry are shown in Figure 25 

A. Their  quantification in Figure 25 B. It is evident that exposure to the combination of the 

two MAPKi induces a block in the G1 phase until day 12 with complete absence of cells in 

the S and P2 phases of the cell cycle. Starting at day 21 cell restart cycling again as evident 

from the presence again of an equivalent number of cells in S and G2 phases  at this and at 

the following time point (30 days) as in untreated samples (figure 25 B). These findings were 

corroborated also by clonogenic assays, which confirmed a strong reduction of 

clonogenicity at the initial time points, e.g at 3, 6 and 12 days and a  full recovery at the 

following time points, namely at 21 and 30 days (figure 25 C). Altogether these results 

confirm that this isogenic melanoma cell population undergoes a rapid adaption to the 

therapeutic pressure imposed by MAPKi.  
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Figure 25. Long-term experiment with Dabrafenib (BRAF inhibitor) and Trametinib (MEK inhibitor) on parental A375 

BRAFV600E melanoma cell line. Qualitative (A) and quantitative (B) analyses of cell cycle and clonogenic assay by Cristal 

Violet method (C). Cells were processed after 3, 6, 12, 21 and 30 days of drug-treatments.  

The next question was directed to ask whether the constant and inducible expression of 

miR-579-3p in long term assays could be able to block the onset of drug adaptation. Using 

the same experimental setting parental A375 andA375-miR579IndEx cells were exposed to 

Cumate alone, the two MAPKi inhibitors or the combination of  MAPKi + Cumate at 

different time points as shown  in the figure 26  below and subjected to quantitative FACS 

analysis. 

 

Figure 26. Model of experimental setting for evaluating the impact of miR-579-3p on drug-tolerant phenotype. 

 

The results (figure 27) show that  1) exposure to Cumate alone is unable to affect cell cycle 

progression. This is in agreement with the results of the proliferation assay shown in the 

previous section (figure 23 A), 2) exposure to MAPKi  blocks melanoma cells in the G1 phase 

only until  day 12 after which they restart growing even in the constant presence of the drug 

3) the concomitant treatment with MAPKi + Cumate prolong cell cycle blockade also after 

day 12  as it can be seen at the 21 day time point. At 30 days it was not possible to carry out 

cell cycle analysis for this treatment because of the very low amount of remaining living 

cells.                                                                            
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Figure 27. Quantitative evaluation of cell cycle analysis by Flow Cytometry. G1 phase = Red bars. S phase = Yellow Bars. 

G2 phase = Green Bars. Cell cycles were evaluated at 3, 6, 12, 21, 30 days upon treatments.  

Figure 28 showed representative imagines of each treatment with Cumate, MAPKi and 

MAPKi+Cumate at 30 day from treatments. Pictures highlighted that chronic treatments 

with MAPKi+Cumate led to a completely cell death compared to MAPKi sole.  

                                         

Figure 28. Representative imagines of UNT, Cumate, MAPKi and MAPKi+Cumate experimental conditions at 30 days 

from treatments. (4X magnification) 
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In order to measure the pro-apoptotic effect of the various drug treatments the percentage 

of cells in the Sub-G1 phase was determined by cell cycle analysis . The data were quantified 

and  results are shown in figure 29.  It can be appreciated that, in agreement with the 

previous findings, treatment with the two MAPKi was able to increase only transiently the 

percentage of cells in Sub-G1 untill day 12. Thereafter, Sub-G1 positive cells dramatically 

dropped down until the last time point. In contrast, when cells were exposed to the 

combination of MAPKi + Cumate  the increase in Sub-G1 cells remained elevated until day 

21, showing a prolongued induction of cell death (figure 29). After the 21 day time point, in 

these samples it was not possible to determine the percentage of Sub-G1 cells due to the low 

amount of cells remaining in the wells. 

                                  

Figure 29. Percentage of sub-G1 (apoptotic cells) in  treatments with Cumate, MAPKi and MAPKi+Cumate. Percentage of 

sub-G1 was evaluated a 3, 6, 12, 21, 30 days from treatments. 

These results were confirmed using different biological assays focusing on the two 

conditions MAPKi vs MAPKi+Cumate treated cells. First of all, we determined the 

percentage of proliferating cells measuring the ATP content. Results (figure 30) show that 

1) 3 days upon drug exposure Cumate was able to potentiate the inhibitory effects of target 

therapies 2) at  days 6 and 12 there were no differences in the amount of proliferating cells 

between the two experimental conditions (in agreement with FACS analyses) and 3) finally 
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at days 21 and 30 cell proliferation was vigorous in the presence of the two MAPKi but 

strongly abated in the presence of the combination of MAPKi+Cumate (figure 30).  

                           

Figure 30. Box-whiskers plots showing ATP content upon treatments with MAPKi and MAPKi+Cumate. Cells were 

processed by Cell-Titer Glo assay at 3, 6, 12, 21, 30 days from treatments. 

These findings were confirmed also by clonogenic assays performed at days 6 and 21 which 

demonstrated that the co-treatments of MAPKi + Cumate were able to strongly reduce the 

clonogenic potential of melanoma cells as compared to MAPKi treated cells (figure 31). 
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Figure 31. miR-579-3p improve the effects of MAPK inhibitors in long-term condition on proliferation rate. At 6 and 21 

days from treatments, MAPKi and MAPKi + Cumate conditions were processed by Crystal Violet method. 

Altogether the results of this section has showed that: a) while prolonged induction of mir-

579-3p alone is unable to affect melanoma cell behavior; b) prolonged exposure to BRAF 

and MEK inhibitors only exerts a transient inhibition of the cell cycle and a limited induction 

of cell death, after which cells adapt to the presence of the drugs and start re-growing; c)  

combination of  MAPKi together with prolonged miR-579-3p expression   impairs the 

establishment of drug adaptation and cells undergo a stable block of proliferation followed 

by massive cell death. 
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4.4 Bulk RNA sequencing identifies distinct transcriptomic signatures of 

A375-miR579IndEx cells treated with MAPKi vs MAPKi+Cumate  

Given that inducible miR-579-3p expression impairs the onset of a drug-tolerant phenotype 

upon exposure to MAPKi, the following step was directed to investigate the molecular basis 

of this phenomenon at a transcriptional level. To this aim, bulk RNA-Sequencing (RNA-

Seq) analysis was performed on A375-miR579IndEx treated with Cumate, MAPKi or their 

combination according to the schematic representation reported in figure 32 below.  

 

 

Figure 32. Schematic representation of RNA-Seq workflow. At 6 and 21 days of  treatment, total RNA was extracted from 

4 experimental conditions (UNT, Cumate, MAPKi and MAPKi+Cumate) and RNA-Seq analysis was carried out. Principal 

component analysis (PCA) was performed to highlight transcriptomic differences between samples. Differential gene 

expression analysis (DEA) and Gene Set Enrichment analysis (GSA) allowed to define specific pathways and genes affected 

by each treatment. 

According to the results of the experiments described in the previous sections, these 

analyses were restricted to two time-points:  day 6 and day 21 of consecutive drug-

treatments The rationale behind the choice of these time points is the following 1) at day 6, 

MAPKi are still effective in the inhibition of melanoma cell growth and cell cycle 

progression at all conditions tested and 2) at day 21, melanoma cells treated with MAPKi, 

have undergone a   clear reactivation of proliferation and cell cycle progression,  suggestive 

of the adoption of a drug adaptive behavior, whereas, melanoma cells co-treated with 

MAPKi and Cumate (and its related induction of miR-579-3p) still result in complete 

inhibition of proliferation and cell cycle progression suggestive of a failure to undergo drug 

adaptation. 
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To carry out RNA-Seq analyses, total RNA was extracted from samples in triplicate and 

subjected to library preparation (see materials and methods). Bioinformatics analyses of the 

results obtained thanks to the collaboration with Bioinformatic Unit of Regina Elena Cancer 

Institute highlighted substantial transcriptomic differences determined as 1) Principal 

component analysis (PCA), 2) Differential Gene Expression analysis (DEA) and 3) Gene-set 

enrichment analysis (GSEA). 

Here below is a detailed report of the findings.  

Figure 33 shows the result of Principal Component Analysis (PCA), that was performed to 

cluster the samples based on their global pattern of gene expression. Results show that 

transcriptomic profiles clearly segregate in three different clusters (UNT/CUMATE, 

MAPKi, MAPKi+CUMATE), at both time points. Non-treated cells (UNT) and treatment 

with Cumate showed very high similarity at transcriptomic level and grouped as a single 

cluster. This was in part expected given that no substantial differences were observed at cell 

cycle or proliferation levels in Cumate-treated cells as compared to controls as shown in the 

previous sections. In contrast, MAPKi alone or in combination with miR-579-3p induction 

were transcriptionally different from UNT/CUMATE and between each other both at days 

6 and 21.  

 

 

Figure 33. Principal Component Analysis (PCA) performed at 6 day and 21 day on non-treated (UNT) cells (purple dots), 
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treatment with Cumate (orange plots), treatment with MAPK inhibitors (green plots),  treatment with MAPKi + Cumate 

condition (light blue dots). Each dot corresponds to the number of replicates used for  RNA-Seq experiment. 

Given that the experimental conditions of MAPKi alone and MAPKi+Cumate were 

characterized by the highest transcriptomic differences as compared to untreated cells, the 

following activities were directed to better dissect their RNA-seq profiles through DEGSeq2 

differential expression analyses (DEA). Deregulation of gene expression analysis (DEGs) 

was calculated as at least Log2Fold Change >2 and Log2Fold Change < -2 respectively and 

adjusted p-value < 0.05.  

As shown in the volcano plots at 6st day (figure 34 A), MAPKi-treated cells showed 1,887 

Differentially Expressing Genes (DEGs) vs untreated cells, of which 672 downregulated and 

1,215 upregulated. Differently, treatment with MAPKi+Cumate showed a higher number of 

DEGs, namely 2,730, of which 1,229 downregulated and 1,501 upregulated.  

Moreover, volcano plots at 21st day (figure 34 B), revealed 3,442 DEGs in cells treated only 

with MAPKi, of which 1,252 downregulated and 2,190 upregulated genes. Treatment with 

MAPKi+Cumate increased the total number of deregulated genes to 5,118, of which 2,186 

downregulated and 2,932 upregulated. Of note, the number of downregulated genes in 

MAPKi+CUMATE was approximately doubled compared to treatment with MAPK-

inhibitors alone, both at day 6 and 21.  

 

 

Figure 34. Volcano plots showing the upregulated and downregulated genes resulted from the differential expression 

analysis performed between treatments with MAPKi and MAPKi+Cumate at 6 day (A) and 21  day (B) compared to non-
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treated (UNT) condition. Only genes with Log2Fold Change (FC) >2 or <-2 and adjusted p_val <0.05 were considered 

significantly upregulated (red dots) or downregulated (green dots). 

To identify the molecular pathways affected by  DEGs following treatments with MAPKi vs 

MAPKi+Cumate functional enrichment analyses were performed by grouping these genes 

into Gene Ontology (GO) categories based on Biological Processes (BP). Figure 35 

summarizes GO enrichment analysis of MAPKi treated vs UNT cells at day 6 and 21s of 

treatment considering the top 20 up- and down-modulated enriched terms.  

At day 6, the most up-regulated enriched terms correspond to transcriptomics profiles 

related to the activation of the interferon gamma signaling pathway. Interestingly, these 

alterations have been already described to be able to sustain the evolving trajectories of 

melanoma during the development of therapeutic resistance (90). Furthermore, additional 

enriched terms include cytokine related signaling pathway and positive regulation of 

apoptotic processes. The presence of this last BP is in line with the evidence that MAPKi are 

still active at inducing apoptosis at this time point (figure 35 A) (see previous results of 

subG1 FACS analyses). Interestingly, also the positive regulation of the MAPK pathway was 

observed among the enriched terms thus suggesting that reactivation of this signaling 

pathway already occurs as early  sign of adaptation from drug treatment. It has to be taken 

into account however, that the among the most down-regulated enriched terms are present 

proliferation and migration related biological processes, this indicating that at this time 

point cells have not yet developed a fully drug tolerant state (figure 35 B).  
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Figure 35. Gene Ontology (GO) analysis on deregulated genes in MAPKi treatment compared to untreated sample at day 

6. Terms over red dashed line are considered statistically significant (adjusted p_val < 0.05). (A) Up-regulated enriched 

terms. (B) Down-regulated enriched terms. 

At day 21, Interferon gamma pathway and related pro-inflammatory response were the 

most up-regulated terms confirming their prominent role in the evolution of drug tolerance 

upon the exposure to MAPK inhibitors (figure 36 A). Besides them, additional up-regulated 

enriched terms were related to extracellular matrix organization, positive regulation of 

MAPK cascade and cell migration. Among down-regulated terms, a high number of down-

regulated genes (>40%) are involved in  negative regulation of mitotic transition (figure 36 

B). Furthermore, we observed an enrichment of terms related to DNA metabolic process, 

proliferation and G2/M transition (figure 36 B).  Of note, the same G2/M transition terms 

were found more down-regulated in MAPKi+Cumate (figure 38 B) treatments than MAPKi. 

This aspect will be described below. 
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 Altogether these findings suggest that long-term exposure to MAPKi inhibitors allows to 

select drug-tolerant cells characterized by re-activation of oncogenic MAPK signaling and 

migratory phenotype disadvantaging highly proliferative cells. 

                    

Figure 36. Gene Ontology (GO) analysis on deregulated genes in MAPKi treatment compared to untreated sample at day 

21. Terms over red dashed line are considered statistically significant (adjusted p_val < 0.05). (A) Up-regulated enriched 

terms. (B) Down-regulated enriched terms.  

Moving forward, Figure 37 shows GO enrichment analysis of treatments with 

MAPKi+Cumate vs UNT cells. Again the top 20 enriched up- or down-regulated terms were 

considered. In summary, at day 6, also in this case up-regulated enriched terms were related 

to interferon gamma signaling pathway, positive regulation of apoptotic process and pro-

inflammatory response (figure 37 A). Interestingly, as compared to the sole MAPKi-treated 

cells the positive regulation of the MAPK cascade was not present in MAPKi+Cumate 
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treated cells. This suggests that the early activation of MAPK cascade as drug-adaptive 

escaping mechanism is counteracted by the constant induction of miR-579-3p expression.  

Figure 37 B shows that also down-regulated enriched terms of MAPKi+Cumate treated cells 

were related to proliferation and cell migration BP as well as those observed in MAPKi sole 

treated cells (figure 35 B). Interestingly, a well-known drug-adaptive event, namely 

epithelial to mesenchymal transition, was exclusively down-regulated enriched term in 

treatments with MAPKi+Cumate as compared to MAPKi alone. 

             

Figure 37. Gene Ontology (GO) analysis on deregulated genes in MAPKi+Cumate treatments compared to untreated 

sample at 6 day. Terms over red dashed line are considered statistically significant (adjusted p_val < 0.05). (A) Up-

regulated enriched terms. (B) Down-regulated enriched terms. 
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At day 21, the most important finding was the lack of enrichment of MAPK cascade and cell 

migration terms (figure 38 A). These results suggest that the induction of miR-579-3p blunts 

the re-activation of MAPK signaling and the switch toward an invasive phenotype which 

are both well-known mechanisms associated with the development of drug tolerance in 

melanoma (24, 57-59). Among down-regulated enriched terms, most of them correspond to 

the transition of cell cycle progression (G2/M). As expected, terms related to G2/M transition 

are strongly down-regulated in MAPKi+Cumate condition as compared to MAPKi 

treatment. In fact in the treatment with MAPKi+Cumate, G2/M transition terms showed an 

enrichment of number genes involved with a better significative p-value (figure 38 B). In 

line with previous data, this aspect suggests that inducible miR-579-3p is able to keep 

melanoma cells blocked in cell cycle progression also 21 days upon MAPKi exposure. 

Furthermore, many down-regulated BPs correspond to pathways involved in mRNA 

processing (figure 38 B).   
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Figure 38. Gene Ontology (GO) analysis on deregulated genes in MAPKi+Cumate treatments compared to untreated 

sample at 21 day. Terms over red dashed line are considered statistically significant (adjusted p_val < 0.05). (A) Up-

regulated enriched terms. (B) Down-regulated enriched terms.  

GO analyses were validated using a different bioinformatic algorithm, namely Gene-Set 

Enrichment analysis (GSEA) again focusing on treatments with MAPKi and 

MAPKi+Cumate. To specifically identify the molecular pathways affected by miR-579-3p 

expression, given its known role as oncosuppressor miRNA, we focused on negative 

enriched pathways derived from GSEA both at day 6 and 21 of treatment. The lost of GSEA-

derived terms from MAPKi vs MAPKi+CUMATE treatments were matched, in order to 

obtain negative enriched pathways peculiar of MAPKi+CUMATE. At day 6 day as shown 

in figure 39 A, Venn Diagrams revealed that 9 negative enriched pathways were typical of 

treatments with MAPK inhibitors alone; 9 were in common; 50 were peculiar of 

MAPKi+Cumate treated cells. The most 20 relevant negative enriched pathways are 

represented as Bubble plot in figure 39 B. In line with previous data, many down-regulated 

molecular pathways involve the control of cell cycle progression (M phase, S phase, G1/S 

transition). Furthermore, the top negative enriched term encompasses the regulation of E2F 

transcription factor on its molecular targets. This is a well-known oncogene, activator of cell 

cycle process and proliferation (91). Additional interesting negative enriched pathways 

were related to oncogenic WNT and MYC signaling, epithelial to mesenchymal transition 

and invasive Neural-Crest signature. This last signature includes genes such as genes LHX1, 

ZIC1, BMP4 or NOTCH4.  
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Figure 39. GSEA analysis identifies down-regulated pathways in treatments with MAPKi+Cumate at 6 day. (a) Venn 

Diagram divides negative enriched terms peculiar of MAPKi and MAPKi+CUMATE treatments. (b) Bubble-plots shows 

the 20 most relevant negative enriched pathways in MAPKi+CUMATE treatments. Statistically significant enrichments ( 

0.1 <FDR<0) are shown as filled circles. 

Using the same approach to identify peculiar negative enriched pathways related to 

MAPKi+Cumate treatments at 21 day, Venn Diagrams in figure 40 A reveal that 15 

pathways were typical of treatments with MAPK inhibitors alone; 58 in common; 115 belong 

specifically to treatment with MAPKi+Cumate. Again, as observed already at day 6, we 

observed the negative enrichment of pro-oncogenic signaling such as MYC and TGF-β 

pathways. Furthermore, additional downregulated terms control cell cycle progression. 

This is in line with previous long-term experiments and cell-cycle analyses. Finally, negative 

enriched terms were related also to NOTCH signaling and Neural Crest signature (figure 

40 B). Altogether, these findings confirm at the hypothesis that miR-579-3p acts as a 

potential inhibitor of melanoma cell adaptation to target therapy by acting on a set of key 

oncogenic pathways. 
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Figure 40. GSEA analysis identifies down-regulated pathways in the treatment of MAPKi+Cumate at day 21. (a) Venn 

Diagrams divides negative enriched terms peculiar of MAPKi and MAPKi+CUMATE treatments. (b) Bubble-plots shows 

the 20 most relevant negative enriched pathways in MAPKi+CUMATE treatments. Statistically significant enrichments ( 

0.1 <FDR < 0) are shown as filled circles. 

 To explain the different number of enriched downregulated pathways in the treatment with 

MAPKi+Cumate at day 6 and to 21 , the levels of miR-579-3p expression were evaluated by 

RT-PCR in these experimental conditions. As shown in figure 41, RT-PCR revealed an 

increased expression  of about 20 fold expression of miR-579-3p, at day 6 day (left panel) 

and  50 fold at day 21(right panel). Higher levels  of miR-579-3p  upon long exposure to 

MAPKi+Cumate could explain the higher number of enriched down-regulated pathways at 

day 21 (115 pathways) as compared to day 6 (50 pathways). 

 

 

 

                   

 

 

Figure 41. Higher levels of miR-579-3p could be associated to high number of enriched down-regulated pathways. Levels 

of miR-579-3p were evaluated at day 6 (left panel) and day 21 (right panel) of treatment. 
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4.5 Definition of a panel of antibodies suitable for the study of melanoma 

cells by single-cell mass cytometry  

To assess the degree of cell heterogeneity in a isogenic cell population and how this is 

affected by exposure to drugs and/or miR-579-3p , we decided to  carry out single-cell mass 

cytometry (CyTOF) experiments in collaboration with the group of Prof. Cesareni at the 

University of Tor Vergata (Rome).   

Mass cytometry (see introduction, section 4) allows the simultaneous measurement of up to 

more than 40 cellular parameters (antigens) at single-cell  level with over 100 available 

detection channels.  As first step toward this goal we had the necessity to define a 

customized panel of antibodies capable to characterize the degree of tumor heterogeneity 

in a population of metastatic melanoma cells such as the A375 cell line. The workflow that 

was followed is schematically represented in figure 42 below.  

 

                           

Figure 42. Schematic workflow used for the identification a list of markers for single-cell mass cytometry analyses. 

 

As shown in figure 42, we have undertaken the following steps:  1) we started from the list  

of 800 human antigens included  in the Fluidigm catalog. Fluidigm is the major distributor 

of antibodies for single-cell mass cytometry; 2) We conducted an extensive bibliographic 

search using as keywords “melanoma progression”, “cancer-associated pathways”, 
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“resistance to target therapy”, and “phenotype switching” which allowed us to restrict the 

list to  155 antigens. 3)  In  order to prioritize for the most abundantly expressed antigens, 

we mined TGCA data from 472 cases of Skin Cutaneous Melanoma. 4) This allowed to 

shortlist 24 antigens whose expression in A375 cells was assessed experimentally by flow 

cytometry to effectively evaluate presence/absence in our experimental system (data not 

shown).  

This process allowed to define a list of 20 final markers. In detail, the complete list is 

available in the Table 2 below, in which markers are split into two group, based on their 

cellular localization: surface (n°12) and intracellular (n°8) antigens.  

 

SURFACE 

ANTIGENS 

INTRACELLULAR 

ANTIGENS 

CD63 p-NFkB 

CD47 MITF 

CD147 (BSG) p-STAT3 

CD90 p-CREB 

CD271 (NGFR) pERK 1/2 

CD273 (PDL-2) p-AKT 

CD274 (PDL-1) Nestin 

CD56 β -Catenin 

NOTCH2  

NG2 (HMW-

MAA) 
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AXL  

MART-1  

 

Table 2. List of markers for single-cell mass cytometry. 

 

In order to experimentally validate the 20 antibody panel for single-cell mass cytometry (a 

more detailed description of used antibodies is reported in the in the materials and methods 

section) we conducted a comparative study on the parental A375 melanoma cell line and its 

BRAF inhibitor resistant counterpart (A375 R) already available in the laboratory of Prof. 

Mancini, which was selected by serial passaging of cells at increasing concentrations of 

dabrafenib over a period of more than two months (73).  

We sought to characterize, at a single-cell level, phenotypic changes between parental A375 

and A375 R, based on the expression of the panel of previously selected antigens.  

Before labeling with antibodies, each sample was barcoded separately with specific 

Palladium Isotopes (see material and methods). This allowed to simultaneously analyze 

parental A375 and A375 R cell lines in a single-run experiment on a CyTOF2 mass 

cytometer. Single-cell data were analyzed by applying t-distributed stochastic neighbor 

embedding (t-SNE) algorithm in order to plot visual “viSNE” map (92). T-SNE algorithms 

clustered cells expressing similar levels of antigens used for single-cell mass cytometry 

experiment on map.  

As shown in viSNE map reported in Figure 43, we identified two highly different cell 

patterns associated with parental A375 (blue cluster) vs A375 R cells (red cluster), 

respectively.  

Our data, in line with previous findings obtained using different single cell approaches 

(mainly single cell RNA-Seq) by other groups  (62,93), revealed that, compared to the 

resistant counterpart, the parental A375 cells showed a completely different spatial 

distribution on the viSNE map, thus suggesting a highly divergent phenotypic behavior.  

 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4925466/figure/fig0015/
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Figure 43. viSNE map shows different spatial distribution between parental A375 (blue cluster) and A375 R (red cluster) 

cell populations  

 

In order to identify the specific markers that characterize these two different cell 

populations, we evaluated the expression levels of each given antigen (ranging from blue, 

low expression, to red, high expression) (figure 44). Our results confirmed the up-regulation 

of receptor-tyrosine kinase AXL, which is a well-known marker of drug resistance to target 

therapies, in A375 R compared to parental counterpart (94). Of note, CD47, PDL-1, PDL-2 

markers were  expressed at higher levels in A375 R cells suggesting the acquisition in cells 

resistant to target therapies of a phenotype resistant also to immunotherapy (95).  

Interestingly, A375 R cells were also characterized by up-regulation of CD147, NOTCH2, 

NESTIN, CD90 and CD56 antigens suggesting more invasive and migrative phenotype 

compared to parental A375 (96-99). As expected, CD63 antigen, a negative regulator of 

epithelial to mesenchymal transition was down-regulated in A375 R compared to the 

parental counterparts (100). Regarding intracellular antigens, p-ERK 1/2 and p-STAT3  were 

up-regulated in in A375 R cells suggesting an hyperactivation of MAPK and STAT/JAK 

pathways in drug-resistance phenotype. β-catenin was highly expressed in parental A375 
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compared to resistant counterparts. No substantial differences were observed for p-AKT, p-

NFkB , MITF and NGFR. 

 

 

 

Figure 44. Expression levels of single markers between parental A375 and A375 R. (A) t-SNE map of each antigens. Each 

event in the figure represents a cell expressing at specific levels the antigens monitored in the experiment. The color scale 

(from blue to red) represents the level of expression of the selected antigen. (B) Median expression value of each antigens. 

 

Taken together, these data confirmed that the panel of selected antibodies was a suitable 

tool for the characterization by mass cytometry of the melanoma cell population under 

examination and encouraged us to use the same panel to monitor shifts in the composition 

of this cell population in the early phases upon exposure to target therapy alone or in 

combination with miR-579-3p enforced expression. 
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4.6 miR-579-3p restrains the degree of tumor heterogeneity imposed by 

MAPKi treatments. 

In the previous section I described the definition of  a panel of antibodies suitable for the 

single-cell analysis of a melanoma cell line by mass cytometry. Interestingly this panel, 

when used to analyze the different cell composition between parental and drug resistant 

A375 cells, allowed to identify a complete phenotypic shift between the two different cell 

populations.  

We next investigated the dynamics of cell heterogeneity upon treatments with Cumate, 

MAPKi and MAPKi+Cumate on A375-miR579IndEx. Our aim was to assess if and how 

prolonged expression of the onco-suppressive miR-579-3p is able to influence the degree of 

tumor heterogeneity imposed by MAPKi on this isogenic cell population. 

The experimental design was similar to the RNA-Seq experiment described in a previous 

section (see figure 32). Cells were processed for single-cell mass cytometry analysis at day 6 

and 21 of treatments.  

As described in the previous section, cells were barcoded and labeled with the panel of 20 

antibodies targeting both surface and intracellular antigens and analyzed by CyTOF2. 

Single-cell data were analyzed by applying t-distributed stochastic neighbor embedding (t-

SNE) algorithm. The viSNE maps below was created considering the expression of all 20 

antigens (figure 45). Results showed viSNE maps of non-treated cells (UNT) and treated 

with Cumate, MAPKi and MAPKi+Cumate, at day 6 and 21. Cells with similar pattern of 

antigens’ expression are represented graphically next to each other in the viSNE maps.  

At day 6, viSNE maps of MAPKi and MAPKi+Cumate treated cells revealed different spatial 

distribution of cell populations as compared to UNT (as a control), suggesting the 

acquisition of distinct molecular patterns upon short exposure to drug treatment (figure 45 

A). Importantly, the two conditions MAPKi and MAPKi+Cumate gave rise to a similar 

spatial distribution of cells which suggests a similar pattern of expression of the antigens 

tested (figure 45 A). This is in agreement with the previous findings where no differences 
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were observed at biological levels (i.e. cell cycle and clonogenic assays) comparing 

treatments with MAPKi alone in combination with Cumate (figure 27, 30, 31). The most 

likely explanation of this finding is that at this time point corresponding to a short duration 

of treatment the pattern of gene expression is dominated by the effect of MAPKi which are 

responsible for initial blockade of cell cycle and of proliferation and survival pathways. 

Interestingly single cell analysis by mass cytometry revealed also a partial phenotypic shift 

in the population of cells treated only with Cumate which is suggestive of cell changes also 

in this cell population which were not revealed by less sensitive analysis such as cell cycle 

and clonogenic assays and also bulk RNA seq. 

The most important changes were observed at day 21 of treatment. ViSNE maps at this time 

point clearly showed that treatment with MAPKi or MAPKi+Cumate gave rise to a 

dramatically different spatial distribution of the cell populations (figure 45 B). Specifically, 

t-SNE map relative to treatments of MAPKi alone, revealed still a high degree of cell  

heterogeneity characterized by two distinct clusters of cells (circled in red).  In contrast, the 

combination of MAPKi+Cumate exhibited a unique cell population characterized by one 

main cluster of cells (figure 45 B). This could suggest that chronic exposure to Cumate, 

which in turn activated miR-579-3p, reduced the degree of heterogeneity imposed by 

MAPKi. Furthermore, as observed also at day 6, cells treated with the sole Cumate showed 

a  different spatial distribution compared to UNT, suggesting that expression of miR-579-

3p, although unable to overtly affect cell cycle as seen in the previous sections,  is able to 

influence the overall patter of expression of the gene panel chosen for this analysis. 

 



70 
 

Figure 45. Spatial distribution of A375-miR579IndEx upon treatments with Cumate, MAPKi, MAPKi+Cumate. (A) 

Representative viSNE maps showing cell heterogeneity at day 6 of treatments (B) Representative viSNE maps showing 

cell heterogeneity at day 21 of treatment. Each event in the figure represents cell expressing specific levels of 20 antigens 

used in the experiment. Cells expressing similar levels of the antigens are close in the map. 

In order to better interpret our findings we used the list of the 20 markers of the panel to 

build a protein-protein interaction map using String online database (101). This software 

allows us to complement available information of Protein-Protein Interaction (PPI) with 

computational predictions to generate a global network including direct (physical), as well 

as indirect (functional) interactions. Using a minimum required interaction score (>0.4, 

medium confidence) we plotted the interactome of the 20 genes, used for mass cytometry 

analysis, as connected by 70 hedges with a PPI enrichment p < 1.0 × 10−16. The displayed 

networks available are based on “evidence”, as multiple lines where the color indicates the 

type of interaction. This led to identification of three major clusters (figure 46). On the basis 

of the genes present in the clusters they were named: 1) Kinase and cancer-related (blue 

cluster); 2) migration and de-differentiation (red cluster); 3) immune-suppressive and drug-

resistance (green cluster). The first cluster includes nearly 50% of the genes (i.e. 9 out 20). 

Among them, there are ERK 1/2, STAT3, NFkB,  AKT kinases as well as cancer-related genes 
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such as CD147 (BSG) and NOTCH2. Migration-invasive-associated cluster includes genes 

such as NGFR, CD90, NCAM, NG2. The third cluster encompasses three genes belonging 

to immune-suppressive microenvironment (i.e. CD273, CD274, CD47) and two genes 

associated with drug-sensitive and drug-resistance phenotype: MART-1 and AXL 

respectively.  

 

Figure 46. Evidence-based protein-protein interaction (PPI) networks performed using the list of 20 markers used for 

single-cell mass cytometry experiments. The legends indicate the meaning of the lines. Interaction score applied >0.4 

(medium confidence). A total of 70 hedges were obtained with a PPI enrichment p < 1.0 × 10−16. https://string-db.org. 

Previously shown RNA-Seq data revealed that miR-579-3p is a potential inhibitor of 

melanoma cell adaptation to therapeutic pressure inhibiting cell migration and invasive 

phenotypes. For this reason we focused on the signature of genes belonging to migration 

and invasive cluster (i.e. NGFR, CD63, NESTIN, NCAM, CD90 and CD56) (i.e the red 

cluster). 

To this purpose, we used FlowSOM clustering algorithm that facilitates the analysis of high-

dimensional data. Clusters are arranged via a Self-Organizing Map (SOM) (102). The 

https://string-db.org/
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resulting clustering of the SOM can be visualized in a minimal spanning tree (MST), in 

which cells are clustered into a hierarchical tree shape for two-dimensional visualization. 

Each cluster of a FlowSOM tree is graphically represented by a circular node in which the 

node size symbolizes the frequency of data points within that cluster (number of cells), and 

the node color shows the signal intensity of a selected marker (intensity of expression level) 

which could be varied from blue (low expression) to red (high expression) of marker.  

At day 6 day, the FlowSOM clustering algorithm revealed that non-treated (UNT) and 

Cumate-exposed cells do not differ from each other and are characterized by a single albeit 

slightly extended cluster (figure 47). In contrast, early exposure to MAPKi showed a pattern 

of cell heterogeneity characterized by two main clusters (cluster n°1 and cluster n°2), 

(surrounded by red circles in the figure). In addition, also MAPKi treatment in combination 

with Cumate was characterized by the same specific clusters (red circles). Indeed, in both 

experimental conditions, MST showed equal: 1) subsets of population density (size of dots); 

2) expression of selected markers (NGFR, CD63, NESTIN, NCAM, CD90 and CD56) within 

each subsets (figure 47). These results suggest that short term exposure to MAPKi alone or 

in combination with miR-579-3p gives rise to a similar pattern of cell heterogeneity 

regarding the invasion and migration signature.  
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Figure 47. Minimum Spanning Tree (MST) visualizations of mass cytometry analysis of A375-miR579IndEx at day 6 of 

treatments with Cumate, MAPKi, MAPKi+Cumate. MST  panels are colored according to the expression levels of NGFR, 

CD63, NESTIN, CD90, NCAM, NG2. Colors varies from blue (low expression) to red (high expression) of single antigens.    

At day 21, MST, as well as viSNE map, revealed again a single albeit heterogeneous cluster 

in non-treated condition.  Cumate-exposed cells  were grouped in a distinct cell cluster 

confirming previous observations which suggest that prolongued expression of miR-579-3p 

induces a certain degree of phenotypic changes which are however, insufficient to affect cell 

proliferation (figure 48). Most importantly, MST visualization of extended treatments with 

MAPKi alone revealed the re-acquisition of a pattern similar to that of untreated cells, albeit 

characterized by a higher degree of heterogeneity  (see red circles) in genes involved in 

invasion and migration signatures. Cluster n°1 was characterized by higher expression 
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levels of NGFR, CD63, NESTIN, NCAM, CD90, CD56 whereas cluster n°2 was characterized 

by lower levels of selected markers (figure 48).  This behavior is strongly suggestive of cells 

undergoing drug adaptive phenotypic changes. 

Finally the most important finding was observed with MST visualization of the day 21 

treatment with MAPKi+Cumate. Here cell heterogeneity was strongly restricted to a small 

and new cell cluster characterized by a rather homogenous expression level of the 

individual markers (see blue circled area). It is interesting to note that the expression levels 

of NGFR, CD90, NESTIN and NG2 in this small cell population are lower compared to 

treatments with MAPKi alone.  
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Figure 48. Minimum Spanning Tree (MST) visualizations of mass cytometry analysis of A375-miR579IndEx at day 21 of  

treatments with Cumate, MAPKi, MAPKi+Cumate. MST panels are colored according to the expression levels of NGFR, 

CD63, NESTIN, CD90, NCAM, NG2. Colors varies from blue (low expression) to red (high expression) of single antigens.    

In summary, using two different bioinformatic approaches (t-SNE and FlowSOM 

algorithms), the results of this section show that: a) short term exposure to MAPKi and 

MAPKi+Cumate induces a different degree of cell heterogeneity compared to non-treated 

and Cumate-exposed cells; b) long term exposure to MAPKi is unable to reduce cell 

heterogeneity and activated cell migratory and invasive patterns and cells undergo 

phenotypic changes linked to drug adaptation; c) MAPKi in Cumate strongly restricts 

heterogeneity linked to the expression of migratory and invasive genes. These data suggest 

that chronic expression of miR-579-3p restrains the degree of heterogeneity and limits drug 

adaptive changes  

 

5. DISCUSSION 

Therapy of metastatic melanoma has improved dramatically over the last 6-7 years thanks 

to the development of targeted therapies and immunotherapy with inhibitors of 

immunological checkpoints. However, drug resistance continues to be a major limitation to 

the efficacy of these innovative therapies. In the case of target therapies with the 

combination of BRAF and MEK inhibitors (MAPKi), approximately 20% of patients 

harboring BRAF mutation do not respond to the first line therapy, whereas roughly 50% of 

patients undergo only partial responses with recurrent disease more aggressive and 

incurable. Generally, in melanoma, resistance to MAPKi arises from wide range of 

secondary mutations which activate bypass proliferation and survival pathways which 

ultimately lead to disease relapse. This scenario is, however, rendered more complex by the 

detection of cases where no genetic mutations are found to be responsible for resistance.  

In the last few years, intense researches have highlighted the role of non-genetic 

mechanisms as early adaptive events, responsible for the survival of a small fraction of 
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tumor cells from which fully resistant tumor can emerge. Among them, our research group 

has provided robust evidence as to the involvement of a set of microRNAs in non-genetic 

resistance to target therapy. Among them, the newly discovered miR-579-3p.  

miR-579-3p acts as onco-suppressor whose down-regulation is linked to the progression of 

metastatic melanoma, but also as a factor contributing to the development of drug 

resistance. My PhD work was addressed to determine the effects of miR-579-3p during the 

evolution of MAPKi resistance in melanoma. For this purpose, a BRAF-mutated melanoma 

cell line, namely A375, was engineered to bear an inducible GFP-tagged reporter construct 

to switch on/off miR-579-3p expression levels at our convenience. Making use of this tool I 

observed that: a) the  inducible expression of miR-579-3p negatively impacts on MAPK-ERK 

signaling and this in turn reduces cell growth in synergy with MAPK inhibitors, in short-

term treatments; b) combination of  MAPKi together with miR-579-3p expression impairs 

the establishment of drug adaptation and cells are characterized by inducing a stable block 

of proliferation. 

A drug-adaptative state has been previously associated to a “switching phenotype” model, 

which is linked to intratumor heterogeneity (58). Several studies have revealed that drug-

adaptation is fueled by transcriptionally distinct cell populations that emerge over time (57-

59). Selective pressure by MAPKi leads to an initial phase of populations showing increased 

melanocytic differentiation (MITF high), followed by continuous dedifferentiation and 

invasive phenotype with the appearance of cells with a slow-cycling neural-crest-like state 

that express NGFR (NGFR high) (65). The recent application of high-throughput single-cell 

techniques has revealed a higher degree of transcriptional heterogeneity providing new 

evidences about the activation of survival mechanisms able to counteract drug-treatment. 

For example, single cell RNA-Seq studies demonstrated that upon the exposure of MAPKi, 

different subpopulations tend to take different transcriptional trajectories to develop drug 

tolerance (83). We postulated that these transcriptional trajectories are influenced by 

microRNAs such as miR-579-3p. Hence, a substantial effort of my PhD work has been 

directed to investigate the main transcriptional pathways modulated by miR-579-3p 
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involved in the establishment of drug-adaptation, and whether inducible expression of  

miR-579-3p is able to affect the degree of intratumor heterogeneity linked to drug 

adaptation. 

In collaboration with the Bioinformatic Unit of Regina Elena Cancer Institute (Rome), our 

transcriptomic analysis on bulk population revealed that drug-adaptation is characterized 

by the reactivation of MAPK signaling. This is consistent with extensive literature 

documenting a key role of MAPK pathway reactivation upon BRAF inhibition in melanoma 

(24). Furthermore, also the emergence of an invasive phenotype occurs upon the exposure 

to MAPKi with a concurrent reduction of highly proliferative cells. Interestingly, the 

induction of miR-579-3p blunts the re-activation of MAPK signaling and the switch of 

toward a migrative state. In addition, invasive the “Neural-Crest” signature appeared 

down-regulated upon long-term induction of miR-579-3p. These results were also 

corroborated by single-cell analysis. In collaboration with the Department of Biology, 

University of “Tor Vergata” (Rome), I exploited the resolution power of mass cytometry. 

Mass cytometry is a multi-parametric technology, which enables the study of heterogeneous 

populations with higher resolution than flow cytometry. To this end, we assembled a panel 

of 20 metal-tagged antibodies and characterized, at the single-cell level, the dynamics of cell 

heterogeneity upon treatments with MAPKi alone and in combination with the expression 

of miR-579-3p. Our results strongly suggest that miR-579-3p restrains, in a system 

represented by a isogenic cell population of metastatic melanoma cells,  the degree of 

temporal heterogeneity triggered by the selective pressure imposed by MAPKi. In 

particular, miR-579-3p negatively impacts on the expression of genes associated with 

invasion and this is accompanied by a reduction of cell heterogeneity.  

These results suggest a therapeutic possibility may encompass the use of miRNAs to hit 

pathways responsible for drug tolerance in order to improve the efficacy of target therapy 

for metastatic melanoma through a significant reduction of degree of cell heterogeneity.  

It will be important in the future to investigate in detail the mechanisms responsible for the 

regulation of miR-579-3p expression and how these are affected during melanoma 
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progression and development of drug adaptation. A possible role could be played by the 

microphthalmia-associated transcription factor (MITF), a known master regulator of 

melanocyte development. Our research group has observed (unpublished data) that MITF 

transcription factor is a positive regulator of miR-579-3p since it has two functional binding 

sites within its promoter, which is shared with Zinc Finger Recombinase, ZFR. We observed 

a positive correlation between miR-579-3p and MITF expression levels whereas an inverse 

correlation was observed with MAPK activation levels. For example, BRAF-mutated 

melanoma cell lines with low MITF/miR-579-3p were characterized by high levels of p-ERK 

and vice versa. Of note, it is well-known that BRAF-V600 signaling exerts a post-translational 

regulation on MITF levels through its phosphorylation and proteasomal degradation. These 

evidences may led to hypothesize a feedback regulatory circuit linking MAPK signaling, 

MITF and miR-579-3p. It is possible to speculate, therefore, that during the establishment of 

a drug-adaptive state, re-activation of MAPK signaling exerts a negative regulation on MITF 

levels, which in turn down-regulates the expression of miR-579-3p. Further studies are 

required to confirm this model. 

Finally, our research group, supervised by Prof. Mancini in collaboration with Prof. 

Ciliberto, have started to explore the therapeutic potential of two other onco-suppressive 

miRNAs, namely miR-204-5p and miR-199b-5p using a well-characterized delivery 

approach consisting in the formulation of microRNAs into lipid nanoparticles (LNPs) (84).  

LNPs loaded with miR-204-5p and miR-199b-5p are able to potentiate the combination of 

MAPK inhibitors, resulting in a reduction of tumor growth. Based on the results obtained 

by my PhD work, it is conceivable to formulate new LNPs, containing miR-204-5p, miR-

199b-5p and miR-579-3p, in order to hit simultaneously multiple oncogenic signaling and 

to exert most powerful inhibition of melanoma cell growth. 
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