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Abstract: Background/Objectives: Natural killer (NK) cells play a crucial role in im-
mune surveillance against melanoma, yet they frequently exhibit dysfunction in the tumor
microenvironment. This study aims to establish an NK cell activation-related prognos-
tic signature and identify potential druggable targets to overcome NK cell dysfunction.
Methods: A prognostic signature was developed using the TCGA-SKCM cohort and vali-
dated across independent datasets. NK cell activation and cytotoxicity were evaluated in
melanoma-NK-92MI co-culture systems via flow cytometry. Mechanistic studies employed
Western blotting, co-immunoprecipitation, ELISA, and qRT-PCR. Single-cell RNA-seq data
were used to analyze cell-cell communication. Results: A four-gene NK cell activation
signature was identified and validated for prognostic significance across five independent
melanoma datasets. Among the identified genes, cyclin B1 (CCNB1) emerged as a novel
therapeutic target for overcoming NK cell resistance. In vivo, pharmacological inhibition
of the CCNB1/Cyclin-dependent kinase 1 (CDK1) complex with RO-3306 significantly
suppressed melanoma growth by enhancing NK cell infiltration and IFN-y production.
In vitro, CCNB1 knockdown in melanoma cells augmented NK-92MI activation, as evi-
denced by increased expression of CD69, CD107a, IFN-y, and NKG2D, thereby improving
NK cell-mediated cytotoxicity. Mechanistically, in melanoma cells, the CCNB1/CDK1
complex phosphorylates STAT3, activating the IL-6/STAT3 positive feedback loop, which
upregulates PD-L1 and enables resistance to NK cell-mediated cytotoxicity. Beyond its
role in immune evasion, CCNB1 also promoted melanoma invasiveness by inducing
epithelial-mesenchymal transition (EMT) through the TGF-3-SMAD2/3 signaling. Con-
clusions: This study establishes CCNB1/CDK1 as a novel immunotherapeutic target and
uncovers a new role for CDK1 inhibitors in enhancing NK cell function and suppressing
melanoma progression.

Keywords: melanoma; NK cells; CDK inhibitors; STAT3 signaling pathway; PD-L1

1. Introduction

Melanoma is a malignancy arising from the malignant transformation of skin
melanocytes and represents the most lethal type of skin cancer [1,2]. Although melanoma
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accounts for a smaller proportion of all skin cancers, its aggressive nature and rapid metas-
tasis make it one of the leading causes of cancer-related deaths worldwide [3]. In recent
years, the clinical application of immune checkpoint inhibitors, such as anti-PD-1/CTLA-4
antibodies, has led to significant advancements in melanoma treatment [4,5]. However,
many patients either develop resistance to immune therapy or fail to respond altogether,
highlighting the urgent need to explore new therapeutic strategies. Studies have shown
that tumor immune evasion mechanisms contribute significantly to the difficulty of treating
melanoma [6,7]. Therefore, enhancing immune cell activity, particularly that of T cells
and NK cells within the tumor microenvironment (TME), has become a critical focus of
current research.

NK cells, as an essential component of the innate immune system, play a vital role in
anti-tumor immunity by directly recognizing and killing tumor cells. Unlike T cells, NK
cells do not rely on antigen-presenting cells for activation. Instead, they recognize tumor
cells through the absence of major histocompatibility complex I (MHC-I) molecules on
the surface, release cytokines such as IFN-y, and utilize receptor-mediated cytotoxicity to
directly destroy tumor cells [8]. However, immune suppressive factors within the TME,
such as activation of immune checkpoints and secretion of cytokines, often inhibit NK cell
function, leading to tumor immune evasion [9,10].

Currently, numerous studies focus on engineering NK cells to enhance their therapeu-
tic efficacy [11,12]. However, tumor cells have intricate intrinsic mechanisms to resist NK
cell-mediated cytotoxicity [13]. Therefore, there is growing interest in strategies to make
cancer cells more vulnerable to NK cell-mediated killing. In this study, we constructed a
risk model based on NK cell activation-related genes and identified CCNB1 as a druggable
target driving melanoma resistance to NK cell-mediated cytotoxicity. In vivo, pharmacolog-
ical inhibition of CCNB1 enhanced NK cell infiltration and activation. In vitro mechanistic
studies demonstrated that the CCNB1/CDK1 complex activates the STAT3/PD-L1 pathway,
leading to NK cell dysfunction. Meanwhile, CCNB1 upregulates TGF-3 expression and
secretion, inducing EMT and enhancing melanoma invasiveness. These findings highlight
CCNB1/CDK1 as a key regulator of NK cell-mediated immune evasion and a promising
target for melanoma immunotherapy.

2. Results
2.1. Construction of Prognostic Signature Associated with NK Cell Activation

We analyzed immune cell infiltration in TCGA-SKCM patients (1 = 455) using CIBER-
SORT and stratified them into high and low infiltration groups based on median scores.
Patients with higher NK cell activation scores had significantly better overall survival (OS)
(p = 0.027, Figure 1A). Using Weighted gene co-expression network analysis (WGCNA),
we identified gene modules associated with NK cell activation, selecting a soft threshold
of 6 for network construction (Figure S1A,B). The MEblue module showed the strongest
positive correlation (cor = 0.16, p = 0.0004, Figure 1B). Univariate Cox regression identified
OS-related genes from the MEblue module, which were used for consensus clustering,
revealing two distinct clusters (Figures 1C and S1C-E). Cluster 1 had significantly poorer
OS than Cluster 2 in TCGA-SKCM (p = 0.00079, Figure 1D).
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Figure 1. Prognostic model of NK cell activation-related genes. (A) Kaplan—-Meier analysis in the
TCGA-SKCM cohort shows the correlation between the infiltration level of activated NK cells and
overall survival (OS). Patients are divided into high and low infiltration groups based on the median
infiltration level of activated NK cells calculated by CIBERSORT. (B) WGCNA identifies NK cell
activation-related modules. (C) Consensus clustering identifies two optimal clusters. (D) Kaplan—
Meier analysis shows significant overall survival differences between the two clusters. (E) The
“gerisk” R package version 1.3 (cutoff = 0.07) is used to classify high- and low-risk groups in the
TCGA-SKCM cohort.

Furthermore, we identified differentially expressed genes between the two clusters
through univariate Cox regression analysis. By overlapping these genes with the “innate
immunity” gene set from GeneCards, we obtained 457 NK activation-related genes (NK-
AGs). These NKAGs were subjected to a Least absolute shrinkage and selection operator
(LASSO) regression model for feature selection, followed by stepwise regression to pinpoint
four key prognostic genes associated with NK cell activation (Figure S1IFEG). Among these,
PRKACB, FCGR2C, and CCL8 were identified as protective genes, whereas CCNB1 was
classified as a risk gene (Figure 1E). The risk score for each patient was calculated using the
following formula: Risk score = CCNB1 x 0.35865 — PRKACB x 0.22772 — FCGR2C x
0.21722 — CCL8 x 0.41216.

2.2. Functional and Immune Infiltration Analysis of the Prognostic Model

We conducted GSVA analysis on the TCGA-SKCM dataset to identify activated path-
ways in the high-risk and low-risk groups. Figure 2A highlighted the top 20 enriched
pathways for each group. In the low-risk group, several key pathways related to NK cell
activation were enriched, including type I and type Il interferon signaling, IL-12/STAT4
and IL-15 signaling, and Natural Killer Cell-mediated cytotoxicity. These pathways were
crucial for regulating NK cell activation, proliferation, and cytotoxic activity in response to
immune challenges such as viral infections and cancer. Additionally, IL-27 and IL-2 family
signaling also played important roles in modulating NK cell responses.
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Figure 2. Functional and immune infiltration analysis of the prognostic model. (A) GSVA analysis
was performed on the TCGA-SKCM cohort to identify the top 20 enriched MSigDB_C2 pathways in
the high-risk and low-risk groups. (B,C) Immune cell infiltration levels between the high-risk and
low-risk groups were compared in melanoma cohorts GSE65904 and GSE59455 using the CIBERSORT
algorithm. ns, not significant; * p < 0.05; ** p < 0.01, *** p < 0.001.

CIBERSORT analysis of GSE65904 and GSE59455 revealed higher NK cell activation
scores and fewer resting NK cells in the low-risk group (Figure 2B,C). Furthermore, the
infiltration of M1 polarized macrophages was also increased in the low-risk group. In the
GSE65904 cohort, the proportion of CD8* T cell infiltration was also elevated in the low-risk
group. These findings suggested that low-risk patients exhibit stronger anti-tumor immune
cell infiltration.

2.3. Validation of the Prognostic Model in Multiple Cohorts

To validate the prognostic model, we utilized several independent cohorts, includ-
ing the training cohort TCGA-SKCM, conventional melanoma cohorts (GSE59455 and
GSE65904), a stage III melanoma cohort (GSE54467), the anti-PD1 immune checkpoint
blockade (ICB) cohort, and the MAGE-A3 immunotherapy cohort. Our analysis demon-
strated that the high-risk group consistently exhibited significantly poorer OS and lower
immune response compared to the low-risk group, with a statistically significant difference
(p < 0.05) in each of the cohorts (Figure 3A-F). The receiver operating characteristic (ROC)
curves for each cohort, as shown in Figure S2, further support the model'’s reliability and
potential clinical applicability.
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Figure 3. Validation of the prognostic model. (A) Validation of OS differences between the high-risk
and low-risk groups in the training cohort, TCGA-SKCM. (B,C) Validation of OS differences between
the high-risk and low-risk groups in the melanoma cohorts GSE59455 and GSE65904. (D) Validation
of OS differences between the high-risk and low-risk groups in the stage III melanoma cohort,
GSEb54467. (E) Validation of OS differences between the high-risk and low-risk groups in the DFCI
cohort of patients receiving anti-PD-1 therapy. (F) Comparison of risk scores between responders and
non-responders in the MAGE-A3 immunotherapy cohort, GSE35640.

2.4. Pharmacological CCNB1 Inhibition (RO-3306) Suppresses Melanoma Growth by Enhancing
NK Infiltration and Cytotoxicity In Vivo

We identified CCNBI1 as a druggable target for further investigation by intersect-
ing the model-derived genes with druggable target genes listed in DrugBank (https:
//go.drugbank.com/, accessed on 5 January 2025) (Figure 4A). RO-3306, a selective
small-molecule inhibitor of CCNB1/CDK1, has been widely used in cancer-related
research [14,15]. To evaluate its antitumor effects in melanoma, we administered RO-
3306 to C57BL/6 mice bearing subcutaneous B16-F10 melanoma (Figure 4B) and observed
a significant suppression of tumor growth (Figure 4C-E). Flow cytometry analysis re-
vealed a marked increase in intratumoral NK cell infiltration in the RO-3306-treated group
(Figure 4F), while CD8* T cell infiltration showed no significant difference (Figure 4G).
Additionally, NK cells and CD8" T cells in the RO-3306-treated tumors exhibited signifi-
cantly elevated IFN-y production (Figure 4H,I). These findings demonstrated that RO-3306
suppresses melanoma growth by enhancing the antitumor immune microenvironment.
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Figure 4. Pharmacological CCNB1 inhibition (RO-3306) suppresses melanoma growth by enhancing
NK infiltration and cytotoxicity in vivo. (A) Venn diagram showing the identification of CCNB1
as a druggable target by overlapping model genes (PRKACB, FCGR2C, CCL8 and CCNB1) with
the DrugBank database. (B) Schematic representation of the in vivo experimental design. C57BL/6
mice were subcutaneously implanted with 1 x 10° B16-F10 melanoma cells. RO-3306 (4 mg/kg)
was administered intraperitoneally every three days. By Figdraw. (C) Representative images of
tumors excised from control and RO-3306-treated mice at the experimental endpoint. (D,E) Tumor
volume growth curves and tumor weight measurements. (F,G) Flow cytometry analysis of the
percentage of NK cells (NK1.1*CD45") and CD8* T cells (CD3" CD8") in tumors. (H,I) Percentage of
IFN-y production from NK cells and CD8* T cells in tumors. All data are presented as mean =+ s.d.
Two-sided Student’s t-test was used for statistical analysis. * p < 0.05; ** p < 0.01, **** p <0.0001; n = 5
per group. i.p. intraperitoneal.

2.5. CCNB1 Knockdown in Melanoma Cells Enhances NK-92MI Activation and Cytotoxicity

To further validate the specific role of CCNB1 in mediating melanoma cell resistance
to NK cell cytotoxicity, we co-cultured NK-92MI cells with melanoma cells at an E:T ratio of
10:1, as shown in Figure 5A. Flow cytometry was used to assess changes in NK activation
markers and cytotoxic effector. In co-culture with two melanoma cell lines, ME4405 and
SK-MEL-28 (which harbor BRAF and NRAS mutations, respectively), we observed that
knockdown of CCNB1 in melanoma cells increased the proportion of NK-92MI expressing
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CD69 and CD107a (Figure 5B,C), which are key markers of NK cell activation. More directly,
the release of IFN-y from NK-92MI was significantly upregulated in the co-culture with
CCNB1 knockdown melanoma cells (Figure 5D). Additionally, MICA /MICB and NKG2D
are a known receptor-ligand pair expressed in tumor cells and NK cells, respectively. Our
results showed that CCNB1 knockdown led to an upregulation of MICA /MICB expression
in melanoma cells, and a corresponding increase in NKG2D expression in NK-92MI cells
(Figure 5E,F). To determine whether the changes in these NK-92MI activation markers
led to differential killing ability, we performed apoptosis assays on melanoma cells in the
co-culture system. As shown in Figure 5G, CCNB1 knockdown in ME4405 cells co-cultured
with NK-92MI significantly increased both early and late apoptosis. Importantly, this effect
was not directly caused by CCNB1 knockdown, as no significant changes in apoptosis were
observed in the mock group without NK-92MI. Together, these results demonstrated that
CCNBI1 knockdown enhances NK cell activation and cytotoxicity, promoting melanoma
cell apoptosis in vitro.
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Figure 5. CCNB1 knockdown in melanoma cells enhances NK-92MI activation and cytotoxicity.
(A) Schematic diagram of co-culturing melanoma cells with NK-92MI cells. By Figdraw. (B-D) Flow
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cytometry analysis of CD56" cells in ME4405 or SK-MEL-28 melanoma cells co-cultured with NK-
92MI, detecting the levels of CD69, CD107a, and IFN-y. (E) Flow cytometry analysis of CD56~
cells in ME4405 co-cultured with NK-92MI, detecting the levels of MICA /MICB. (F) Flow cytometry
analysis of CD56" cells in ME4405 co-cultured with NK-92MI, detecting NKG2D levels. (G) Flow
cytometry analysis of CD56~ cells in ME4405 co-cultured with NK-92MI, detecting Annexin V/PI
levels. The “mock” condition refers to a culture system consisting of ME4405 cells without the
addition of NK-92MI cells. All data are presented as mean =+ s.d. Two-sided Student’s t-test was used
for statistical analysis. ** p < 0.01; ** p < 0.001, *** p < 0.0001; n = 3 per group.

2.6. CCNB1/CDK1 Upregulates STAT3-PD-L1 in Melanoma Cells and Secretes IL-6 to Enhance
STAT3 Signaling in NK-92 Cells

CCNB1 binds to CDK]1, stabilizing it and maintaining its kinase activity. In addition to
its critical role in G2/M cell cycle transition [16], this complex also phosphorylates multiple
downstream targets [17,18]. Previous studies have shown that CDK1 activates IL-6/STAT3
signaling by upregulating GP130 or directly phosphorylating STAT3 [19,20]. However, this
mechanism has not been validated in melanoma. To validate this possibility, we performed
Co-IP in ME4405 cells and confirmed the direct interaction between CCNB1, CDK1, and
STATS3 (Figure 6A), suggesting that CCNB1 stabilizes CDK1 to promote STAT3 activation.
Moreover, knockdown of CCNB1 led to a decrease in CDK1 expression, accompanied
by a reduction in STAT3 phosphorylation (Figure 6B). Given that STAT3 activation is a
key regulator of PD-L1 expression [21,22], we next investigated whether CCNB1 influ-
ences PD-L1 levels through the CDK1-STAT3 signaling axis. We confirmed that CCNB1
knockdown reduced PD-L1 at both transcriptional and protein levels in melanoma cells
(Figure 6C,D). Furthermore, treatment with RO-3306 led to CCNB1/CDK1 downregulation,
accompanied by inhibited STAT3 activation and reduced PD-L1 expression (Figure 6E).
Since phosphorylated STAT3 is a known transcriptional activator of IL-6 [19], we next
examined IL-6 expression upon CCNB1 modulation. As expected, IL-6 levels decreased
in response to CCNB1 knockdown (Figure 6C). RT-qPCR analysis revealed that CCNB1
overexpression upregulated IL-6 transcription (Figure 6F), which was further confirmed
by increased IL-6 secretion as measured by ELISA (Figure 6G). Next, we treated NK-92MI
cells with conditioned medium from CCNB1-overexpressing ME4405 cells and observed
activation of STAT3 signaling (Figure 6H).

To further explore the clinical relevance of our findings, we analyzed immunohisto-
chemical data from the HPA database (the Human Protein Atlas, https:/ /www.proteinatlas.
org; accessed on 12 January 2025). Images from two patients, using antibodies from the
same source, suggested a possible positive association between CCNB1 and PD-L1 expres-
sion, and a potential inverse relationship between CCNB1 and CD56 expression, a marker
of NK cell infiltration in humans (Figure 6I). Our findings highlighted that CCNBL1 en-
ables melanoma cells to evade NK cell-mediated immunity by activating the CDK1-STAT3
signaling axis, leading to increased IL-6 and PD-L1 expression.
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Figure 6. CCNB1/CDKI1 upregulates STAT3-PD-L1 in melanoma cells and secretes IL-6 to enhance
STAT3 signaling in NK-92 cells. (A) Co-immunoprecipitation (Co-IP) analysis of the interaction
between CCNB1, CDK1, and STAT3 in ME4405. (B) Western blot showing knockdown of CCNB1
decreases CDK1 expression and STAT3 phosphorylation levels in ME4405 and SK-MEL-28 cells.
(C) Western blot analysis of IL-6 and PD-L1 in ME4405 and SK-MEL-28 following CCNB1 knockdown.
(D) CD274 mRNA levels in ME4405 cells overexpressing CCNB1 were measured using RT-qPCR.
(E) Western blot analysis of ME4405 cells treated without or with RO-3306 5 uM for 24 h. (F) IL-6
mRNA levels in ME4405 cells overexpressing CCNB1 were measured using RT-qPCR. (G) ELISA
analysis of IL-6 levels in the supernatant of ME4405 cells overexpressing CCNB1. (H) NK-92MI cells
were treated for 12 h with conditioned medium from CCNB1-overexpressing ME4405 cells, followed
by WB analysis of the STAT3 pathway. (I) Representative immunohistochemistry (IHC) staining
images of CCNB1, CD56, and PD-L1 expression in melanoma tissues obtained from the Human
Protein Atlas (HPA) database. All data are presented as mean =+ s.d. Two-sided Student’s t-test was
used for statistical analysis. ** p < 0.01; **** p < 0.0001; Fold changes were based on three replicates.
CM, conditioned medium.

2.7. Cell-Cell Communication Reveals TGF-p Signaling in CCNB1-High Melanoma Linked
to EMT

To better understand the role of CCNB1-high melanoma cells in the tumor microen-
vironment (TME), we applied CellChat, a machine-learning-based method, to analyze
single-cell RN A-seq datasets (GSE115978 and GSE189889). Based on CCNB1 expression
levels, melanoma cells were classified into high and low CCNB1 groups to explore interac-
tion patterns with immune and stromal cells. In the GSE115978 dataset, melanoma cells
with high CCNB1 expression exhibited enhanced cell-cell communication, particularly
stronger interactions with NK cells, T cells, macrophages, and CAFs (Figure 7A, left). In
contrast, low CCNBI expression was associated with reduced overall communication
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(Figure 7A, right). Additionally, EMT-related signaling pathways, including CDH, CDH1,
WNT, Laminin, Collagen, and Tenascin, were more active in CCNB1-high melanoma, with
both incoming and outgoing signaling interactions strengthened, whereas these signals
weakened in CCNB1-low melanoma (Figure 7B). In the GSE189889 dataset, we observed
that CCNB1 expression levels correlated with melanoma-NK cell interactions (Figure 7C).
Specifically, TGF-[3 emerged as the dominant signaling pathway in CCNB1-high melanoma
(Figure 7D), with network analysis revealing that these cells received stronger TGF-f3
signals from various sources, including NK cells (Figure 7E). Conversely, in CCNB1-low
melanoma, melanoma cells exhibited enhanced intrinsic CDH signaling (Figure 7F).
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Figure 7. Cell-cell communication reveals TGF-f3 signaling in CCNB1-high melanoma linked to EMT.
(A) Network diagrams showing the number of interactions between melanoma cells and various
immune and stromal cells, GSE115978 dataset. (B) Heatmaps illustrating differences in outgoing
(top) and incoming (bottom) signaling patterns between CCNB1-high and CCNB1-low melanoma
groups. Key EMT-related signaling pathways, including CDH, CDH1, WNT, Laminin, Collagen,
and Tenascin, GSE115978 dataset. (C) Heatmaps showing differences in interaction number (left) and
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interaction strength (right) between immune and stromal cell populations in CCNB1-high and CCNB1-
low melanoma groups, GSE189889 dataset. (D) Bar graph displaying the top signaling pathways
with differential activity between the two groups, GSE189889 dataset. (E,F) Network diagram
showing the TGF-f signaling pathway in CCNB1-high melanoma and CDH signaling pathway in
CCNB1-low melanoma, GSE189889 dataset. The color of the lines corresponds to the cell type of
the signaling output (indicating directionality), and the width of the lines represents the strength of
the signaling. (G) Spearman correlation analysis between CCNB1 expression and EMT-related gene
signatures from the MSigDB (KOHN_EMT_MESENCHYMAL, ALONSO_METASTASIS_EMT_UP,
and FOROUTAN_TGFB_EMT_UP) in the TCGA-SKCM cohort using the GEPIA2 database.

To further investigate the association between CCNB1 and EMT, we analyzed
three EMT-related gene signatures from the MSigDB (KOHN_EMT_MESENCHYMAL,
ALONSO_METASTASIS_EMT_UP, and FOROUTAN_TGFB_EMT_UP). Correlation analy-
sis in the GEPIA2 database (http://gepia2.cancer-pku.cn/ (accessed on 15 February 2025),
TCGA-SKCM cohort) confirmed a positive correlation between CCNB1 expression and
EMT-related gene signatures (Figure 7G). These findings suggested that CCNB1-high
melanoma cells might influence melanoma—-NK cell interactions while also promoting EMT
by enhancing TGF-{3 signaling in the tumor microenvironment.

2.8. CCNB1 Promotes EMT and Melanoma Invasiveness Through the TGF-B-SMAD2/3 Pathway

To validate our cell-cell communication analysis, an accurate in vitro model replicating
NK cell-derived TGE-f signaling within the complex tumor microenvironment is required.
However, establishing such a model remains challenging. To our surprise, we found that
TGFB1 transcription was increased in CCNB1-overexpressing ME4405 cells (Figure 8A),
with ELISA further confirming a significant elevation of secreted TGF-$1 in the supernatant
(Figure 8B). Western blot analysis revealed increased TGF-f31 levels and activation of the
SMAD?2/3 pathway in CCNB1-overexpressing melanoma cells (Figure 8C), whereas CCNB1
knockdown led to reduced TGE-1 expression and inhibition of SMAD2/3 signaling
(Figure 8D). Since the TGF-3-SMAD2/3 pathway is a well-established EMT activator, we
next examined key EMT markers, E-Cadherin and N-Cadherin [23]. CCNB1 knockdown led
to decreased N-Cadherin levels and increased E-Cadherin, consistent with the inhibition of
EMT signaling (Figure 8E). Finally, Transwell invasion assays demonstrated that silencing
CCNBI significantly reduced melanoma cell invasiveness (Figure 8F). These findings
highlight CCNB1 as a key driver of melanoma invasiveness, promoting EMT through
activation of the TGF-3-SMAD2/3 signaling axis.
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Figure 8. CCNB1 promotes EMT and melanoma invasiveness through the TGF-3-SMAD2/3 pathway.
(A) TGFB1 mRNA levels in ME4405 cells overexpressing CCNB1 were measured using RT-qPCR.
(B) ELISA analysis of TGF-f1 levels in the supernatant of ME4405 cells overexpressing CCNB1.
(C) Western blot analysis showing the effects of CCNB1 overexpression on TGF-3-SMAD?2/3 signaling
pathway in ME4405. (D) Western blot analysis showing the effects of CCNB1 knockdown on TGF-
B-SMAD2/3 signaling pathway in ME4405 and SK-MEL-28. (E) Western blot analysis showing the
impact of CCNB1 knockdown on EMT markers in ME4405 and SK-MEL-28. (F) Transwell invasion
assay showing the invasive potential of ME4405 and SK-MEL-28 with CCNB1 knockdown. All data
are presented as mean =+ s.d. Two-sided Student’s t-test was used for statistical analysis. * p < 0.05,
**p <0.01 and **** p < 0.0001. n = 3 per group.

3. Discussion

In this study, we provide the first direct evidence that CCNB1 enhances melanoma
cell resistance to NK cell-mediated cytotoxicity (Figure 9, summary diagram). We first
established a prognostic gene signature for NK cell activation and identified CCNB1 as
a druggable target with clinical potential. In vitro, we confirmed that the CCNB1/CDK1
inhibitor RO-3306 suppresses melanoma growth while boosting NK cell infiltration and
activation. Mechanistically, we found that CCNB1 stabilizes CDK1 kinase activity, which
subsequently phosphorylates STAT3, promoting the transcription of IL-6 and PD-L1. This
leads to positive feedback activation of the JAK-STAT3 pathway, upregulation of PD-
L1 expression, and suppression of NK cell activation. Additionally, we demonstrated
that CCNB1 promotes melanoma EMT and invasiveness through the TGF-3-SMAD2/3
signaling. Given the dual oncogenic role of CCNB1 in resisting NK cell-mediated killing and
enhancing melanoma invasiveness, we propose that CCNB1/CDK1 inhibitors represent a
promising strategy to enhance NK cell-based immunotherapy for melanoma.
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Figure 9. Schematic diagram illustrating the mechanism of CCNB1 in melanoma cells resisting
NK cell-mediated cytotoxicity. CCNB1, in complex with CDK1, leads to the phosphorylation and
activation of STAT3. Activated STAT3 translocates to the nucleus, promoting the transcription of
immune-suppressive molecules such as IL-6 and PD-L1, thereby inhibiting NK cell activity, as ev-
idenced by the downregulation of CD69 and CD107a and reduced IFN-y secretion. In addition,
melanoma-derived IL-6 acts on NK cells to activate STAT3 signaling, which mediates NK cell dysfunc-
tion, including NKG2D downregulation. Furthermore, CCNB1 promotes the production of TGF-f3
in melanoma cells, which activates the SMAD2/3 pathway, thereby promoting the expression of
EMT-related genes and enhancing melanoma invasiveness. By Figdraw.

NK cell-based immunotherapy holds great promise for cancer treatment [24], but the
heterogeneity of the tumor microenvironment leads to variable responses, particularly in
melanoma [25,26]. While there is an urgent need for predictive tools to assess NK cell
activation in melanoma, such models remain scarce. Recent studies from Cappello et al.
have developed proteomics-based approaches to identify protein signatures associated
with NK cell-mediated melanoma killing [27]. However, their model primarily focuses on
tumor-intrinsic metabolic factors that influence NK cell susceptibility, without addressing
the broader immune evasion mechanisms in the tumor microenvironment. In contrast,
our study developed a gene-based prognostic model to predict NK cell activation and
melanoma prognosis, identifying CCNB1, PRKACB, FCGR2C, and CCLS8 as key prognostic
genes. Importantly, our model was validated across multiple independent prognosis
and immunotherapy cohorts, demonstrating its robustness in predicting both melanoma
prognosis and response to immunotherapy. Our gene signature approach provides an



Pharmaceuticals 2025, 18, 666

14 of 22

accessible tool that not only predicts NK cell activation but also enables further mechanistic
exploration of immune evasion pathways that influence NK cell function in melanoma.

Beyond predicting NK cell activation, we identified CCNB1 as a druggable target with
clinical potential and selected it for further investigation, as specific inhibitors are already
available. RO-3306, a CCNB1/CDK1 inhibitor, can simultaneously inhibit the activity of
both CCNB1 and CDK1 [14], and has previously been shown to suppress tumor-initiating
capacity in melanoma by disrupting CDK1-Sox2 signaling [15]. However, it has never been
investigated in the context of NK cell activation or tumor immune regulation, leaving its
potential role in modulating anti-tumor immunity unexplored. Our study is the first to
demonstrate in vivo that RO-3306 suppresses melanoma growth by enhancing NK cell
infiltration and increasing the cytotoxic activity of both NK cells and CD8" T cells. In fact,
cyclin-dependent kinases (CDKs) have long been recognized as promising therapeutic
targets in cancer [28,29]. The development and clinical application of CDK4/6 inhibitors is
one of the typical examples [30-32]. In melanoma, CDK4/6 inhibitors not only suppress
tumor growth but also enhance anti-tumor immunity [33]. Similarly, CCNB1/CDK1 has
been identified as a key therapeutic target in multiple cancers, and targeted inhibitors
against this pathway are actively being developed [34,35].

To further validate the specific role of CCNBL1 in driving NK cell dysfunction in
melanoma, we used NK-92MI cells, an IL-2-independent NK cell line widely used in
studies on NK cell therapy and immune tolerance [36-39]. Specifically, we evaluated
CD69 as an activation marker, CD107a as a degranulation marker, and IFN-y as a key
cytotoxic effector. Co-culturing NK-92MI cells with CCNB1-knockdown melanoma cells
led to a significant increase in all three markers, indicating enhanced NK cell activation,
degranulation, and cytotoxicity. Additionally, we examined the MICA /MICB-NKG2D axis,
a crucial mechanism for NK cell-mediated tumor recognition and killing [40], and found
that CCNB1-high melanoma cells suppress its activation. Our findings suggest that CCNB1
expression in melanoma cells may impair NK cell cytotoxicity by modulating both intrinsic
tumor properties and NK cell activation status. These results align with previous studies
showing that tumor cells exploit immune checkpoint pathways and stress-induced ligand
regulation to evade NK cell surveillance [25].

Given these findings, we sought to understand the molecular mechanisms by which
CCNB1 promotes NK cell resistance in melanoma. CCNBI is a key cell cycle regulator
that binds to CDK1 to drive the G2/M transition [16]. Beyond this well-known role, the
CCNB1/CDKI1 complex also influences tumor-related signaling pathways [15,41]. Studies
have shown that CDK1 promotes IL-6 receptor GP130 expression or indirectly phospho-
rylates STAT3, activating the JAK-STAT3 pathway [18]. Consistent with this, our Co-IP
experiments confirmed a direct interaction between CCNB1/CDK1 and STAT3, suggesting
a potential mechanism for direct STAT3 activation. Furthermore, we demonstrated that
RO-3306 reduces STAT3 phosphorylation by inhibiting CCNB1/CDK]1, aligning with the
findings of Chen et al. in diffuse large B-cell lymphoma [42]. Since STAT3 activation is
sustained by IL-6 signaling, CCNB1 likely contributes to a positive feedback loop between
IL-6 and JAK-STATS3, further reinforcing tumor immune evasion. Notably, IL-6 secreted
by CCNB1-high melanoma cells not only maintains STAT3 activation within tumor cells
but also enhances STAT3 signaling in NK-92MI cells, potentially exacerbating NK cell dys-
function [43]. Additionally, PD-L1 is a key immune checkpoint that suppresses anti-tumor
immunity and is transcriptionally regulated by JAK-STAT3 signaling [22]. Our findings
indicate that CCNB1 enhances PD-L1 expression, further contributing to immune escape.
These findings reveal that CCNB1/CDK]1 drives melanoma immune evasion by activating
IL-6/STAT3/PD-L1 signaling and promoting NK cell dysfunction.
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Our cell—cell communication analysis revealed that CCNB1-high melanoma cells may
significantly impact interactions with the tumor microenvironment, particularly with NK
cells, which can transmit TGF-f signals to melanoma cells and influence EMT. However,
replicating and validating this phenomenon in vitro remains challenging. In fact, previous
studies have reported that NK cells can promote tumor metastasis and progression by
transmitting signals to tumor cells [44,45]. Specifically, activation of the STAT3 pathway
within NK cells enhances TGF-3 secretion, which in turn induces EMT and a metastatic
phenotype in tumor cells [43]. Our results demonstrated that CCNB1-high melanoma
cells secrete elevated IL-6, a known activator of STAT3 signaling in NK cells [46]. Indeed,
treating NK-92MI cells with supernatant from CCNB1-overexpressing melanoma cells
activated STAT3 signaling. This suggests that CCNB1-driven IL-6 secretion may stimulate
NK cells to release pro-invasive signals such as TGF-f3, which in turn promotes melanoma
invasiveness. Additionally, we found that CCNB1 directly enhances TGF-3 production and
secretion in melanoma cells, activating the SMAD2/3 pathway to drive EMT and tumor
invasion. Beyond its role in tumor progression, TGF-§ is a well-known immunosuppressive
factor, impairing NK cell function by downregulating NKG2D expression and inhibiting
IFN-y production [47,48], which was also observed in our study. Overall, the interaction
between CCNB1-high melanoma cells and NK cells in the tumor microenvironment is
complex, requiring further studies to validate key mechanisms.

Despite these important findings, our study has several limitations. First, we primarily
focused on how CCNB1 mediates immune tolerance in melanoma cells but did not inves-
tigate how the upregulated TGF-f affect NK cells and other immune cells in the tumor
microenvironment. Second, the anti-tumor effects of CCNB1/CDKI1 inhibition extend
beyond PD-L1 regulation, including modulation of the IL-6-JAK-STAT3 axis and TGF-f3 sig-
naling. Further studies are needed to explore the potential synergy between CCNB1/CDK1
inhibitors and anti-PD-1/PD-L1 checkpoint blockade. Finally, CCNB1/CDK1 inhibitors
are still in the preclinical research phase, and the development of more specific inhibitors
along with comprehensive safety evaluations are urgently needed.

4. Materials and Methods
4.1. Data Source

RNA sequencing (RNA-seq) and clinical data from patients were obtained from three
major public repositories: The Cancer Genome Atlas (TCGA) (https://www.cancer.gov/
tcga; accessed on 8 September 2024), Gene Expression Omnibus (GEO) (https://www.ncbi.
nlm.nih.gov/geo; accessed on 8 September 2024), and cBioPortal (https:/ /www.cbioportal.
org; accessed on 8 September 2024). The datasets used in this study consist of seven
previously published melanoma cohorts: TCGA-SKCM (n = 455), GSE59455 (n = 122),
GSE65904 (n = 210), GSE54467 (n = 78), GSE115978 (n = 31), GSE189889 (n = 9), and the
DECI cohort (n = 121). Data for the DFCI cohort were downloaded from the cBioPortal
public database [49].

4.2. Development NK Activation-Related Prognostic Model

The TCGA-SKCM cohort was used as the training dataset to construct the model.
CIBERSORT estimated the relative abundance of 22 immune cell types, stratifying patients
into high and low infiltration groups based on the median infiltration level [50]. Kaplan—
Meier survival analysis assessed survival differences. WGCNA identified co-expression
modules among NK activation-related genes, selecting a soft threshold for network con-
struction and determining the most relevant module [51]. Univariate Cox regression identi-
fied survival-associated genes, which were clustered using ConsensusClusterPlus, yielding
two clusters validated by consensus matrix and tree analysis [52]. Differentially expressed
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genes between clusters were identified with the limma package [53], and survival-related
genes were further confirmed through univariate Cox regression. Intersecting DEGs with
Innate Immunity genes from GeneCards (https://www.genecards.org/; accessed on 12
September 2024) resulted in NKAGs. LASSO regression minimized overfitting, and bidi-
rectional stepwise regression refined the final Cox model, selecting the optimal prognostic
genes based on AIC minimization [54].

4.3. Gene Set Variation Analysis

Gene Set Variation Analysis (GSVA) combined with differential analysis was used
to compare biological pathway activities between high- and low-risk groups [55]. The
“GSVA” R package calculated activity scores for C2 pathway gene sets from MSigDB
(https:/ /www.gsea-msigdb.org/gsea/msigdb; accessed on 15 September 2024), covering
diverse signaling pathways. Differential analysis using “limma” identified significantly
altered pathways, categorized based on t-values: positive values indicated higher activity
in the high-risk group, while negative values reflected greater activity in the low-risk group.

4.4. Cell-Cell Communication Analysis

The “CellChat” R package, referencing CellChatDB.human (http://www.cellchat.org/;
accessed on 8 November 2024) for known ligands, receptors, and cofactors, was used to
analyze the number and strength of cell-cell interactions in the GSE115978 and GSE189889
single-cell RN A-sequencing dataset. Samples were grouped into high and low categories
based on the median expression level of CCNB1 in melanoma cells. Heatmaps illustrated
differences in ligand-receptor pair interactions across cell types between the two groups,
showing overall signaling patterns. Specific signals were further visualized in network
diagrams to depict interactions between melanoma cells and immune cells.

4.5. Cell Culture and Stable Cell Line Generation

The natural killer cell line NK-92MI (RRID: CVCL_3755) was cultured in complete
medium (TAKARA, GT-T551 H3), with no additional components required. ME4405 (RRID:
CVCL_C680) was cultured in DMEM medium, and SK-MEL-28 (RRID: CVCL_0526) cells
were cultured in RPMI-1640 medium, both supplemented with 10% fetal bovine serum
(FBS) and incubated at 37 °C in a 5% CO, atmosphere. Lentiviral pLKO.1-shCCNB1-puro
(constructed in-house) and pLV3-0eCCNB1-puro (Miaoling Biotechnology, Wuhan, China)
were used to transduce ME4405 and SK-MEL-28 melanoma cells. Lentiviral particles
were generated by PEI-mediated transfection of 293T cells with the respective plasmids
and packaging vectors. After 48 h transduction, cells were selected with puromycin
(2 ng/mL, 72 h) to establish stable lines. Western blotting confirmed CCNB1 knockdown
or overexpression.

4.6. Co-Culture of NK-92MI Cells with Melanoma Cells and Assessment by Flow Cytometry

For NK cell activation marker detection, NK-92MI cells were co-cultured with
melanoma cells at an effector-to-target (E:T) ratio of 10:1 for 12 h. Cells were stained
for viability using BD Horizon™ Fixable Viability Stain 510 (BD Biosciences, San Jose, CA,
USA, Cat No. 564406) and surface markers CD56 (BD Biosciences, San Jose, CA, USA, Cat
No. 564057), CD69 (BD Biosciences, San Jose, CA, USA, Cat No. 560738), CD107a (BD
Biosciences, San Jose, CA, USA, Cat No. 561348), MICA /MICB (Biolegend, San Diego, CA,
USA, Cat No. 320907), and NKG2D (Biolegend, San Diego, CA, USA, Cat No. 320817).
Staining was performed on ice for 30 min in the dark, followed by washing. For IFN-y
detection, Cell Stimulation Cocktail (BD Biosciences, San Jose, CA, USA, Cat No. 555028)
was used for 4 h incubation at 37 °C, followed by intracellular staining with IFN-y antibody
(Biolegend, San Diego, CA, USA, Cat No. 502520). For NK cell cytotoxicity assessment,
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melanoma and NK-92MI cells were co-cultured as described above. Apoptosis was ana-
lyzed using Annexin V/PI apoptosis kit (MultiSciences Biotech, Hangzhou, China, Cat
No. AP107), staining for 5 min at room temperature in the dark. Samples were analyzed
within 1 h using CytoFLEX LX Flow Cytometer (Beckman Coulter, Brea, CA, USA), and
apoptotic tumor cells (CD56~) were identified using Flow]Jo software (version 10.8.1), cate-
gorizing early (Annexin V*/PI™) and late (Annexin V*/PI*) apoptosis. Apoptosis rates
were statistically compared under different conditions.

4.7. Western Blotting and Co-Immunoprecipitation (Co-IP)

Cells were lysed in protein extraction buffer, and the lysates were used for SDS-
PAGE and immunoblot analysis. The following are the primary antibodies used in this
study: CCNB1 (1:2000; Proteintech, Wuhan, China, Cat No. 55004-1-AP), CDK1 (1:2000;
Proteintech, Wuhan, China, Cat No. 19532-1-AP), STAT3 (1:1000; Cell Signaling Technology,
Danvers, MA, USA, Cat No. 9139S), phospho-STAT3 (Tyr705) (1:1000; Cell Signaling
Technology, Danvers, MA, USA, Cat No. 4113S), IL-6 (1:2000; Proteintech, Wuhan, China,
Cat No. 66146-1-Ig), PD-L1 (1:1000; GeneTex, San Antonio, TX, USA, Cat No. GTX104763),
phospho-SMAD?2 (ser465/467) (1:1000; Cell Signaling Technology, Danvers, MA, USA, Cat
No. 3101), SMAD3 (1:1000; Cell Signaling Technology, Danvers, MA, USA, Cat No. 9513),
phospho-SMAD?3 (Ser423/425) (1:1000; Cell Signaling Technology, Danvers, MA, USA, Cat
No. 9520), TGF-$1 (1:2000; HUABIO, Hangzhou, China, Cat No. HA721143), E-cadherin
(1:5000; Proteintech, Wuhan, China, Cat No. 20874-1-AP), N-cadherin (1:2000; Proteintech,
Wuhan, China, Cat No. 22018-1-AP), GAPDH (1:1000; Cell Signaling Technology, Danvers,
MA, USA, Cat No. 2118). Stable Flag-CCNB1-transfected ME4405 melanoma cells were
subjected to Co-IP experiments, with untransfected control cells used as a comparison.
Cells were lysed on ice using RIPA buffer, and the lysates were incubated overnight at 4 °C
with Flag-tagged immunomagnetic beads (Targetmol, Shanghai, China, C0120B). After
incubation, the beads were washed with PBS to remove nonspecifically bound proteins.
The Co-IP products and input control samples were separated by SDS-PAGE and analyzed
by Western blotting.

4.8. RT-gPCR

Total mRNAs from cells were extracted with the EZ-press RNA Purification Kit (EZBio-
science, Fairview Ave, Roseville, CA, USA, B0004D) and reverse-transcribed using the
Reverse Transcription Kit (Takara, Kusatsu, Shiga, Japan, RR047A). Fluorescence quantita-
tive PCR was performed with ChamQ Universal SYBR qPCR MasterMIx (Vazyme, Jiangsu,
China, Q711-02). The primer sequences used for RT-qPCR are listed in Supplementary
Table S1.

4.9. Enzyme-Linked Immunosorbent Assay (ELISA)

Cells were seeded in 6-well plates and cultured to 70-80% confluency before replac-
ing the medium with serum-free culture medium for 48 h at 37 °C with 5% CO,. The
supernatant was collected for ELISA analysis of IL-6 and TGF-f31. For TGF-f31 detection,
activation was performed by incubating with 1N HCI for 10 min, followed by neutralization
with 1 N NaOH. IL-6 and TGF-$31 levels were measured using ELISA kits (Ruixin Biotech,
Quanzhou, China, RX106126H and RX104768H) according to the manufacturer’s protocol.
Absorbance at 450 nm was recorded using a BioTek Epoch microplate reader. To correct for
baseline TGF-1 levels in the medium, a cell-free control was included, and its value was
subtracted from all readings. Standard curves were generated using ELISA Calc software.
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4.10. Cell Invasion Assay

Cell invasion was evaluated using Transwell plates (Corning, Cat No. 353097) with
an 8 um pore size, where the upper chamber was pre-coated with Matrigel (Corning, Cat
No. 354234) to mimic the extracellular matrix. To prepare the coating, 100 uL of Matrigel
was added to the upper chamber surface and incubated at 37 °C for 1 h to ensure stability.
Melanoma cells were then suspended in serum-free medium and seeded into the upper
chamber at a density of 2 x 10° cells per well, while the lower chamber was filled with
600 pL of medium containing 20% FBS. After 48 h of incubation, non-invasive cells on the
upper surface were gently removed with a cotton swab. The invading cells on the underside
of the membrane were stained with 0.1% crystal violet, and the number of invading cells
was counted. Image] software (version 1.54) was used to analyze the results and assess cell
invasion capacity.

4.11. Animal Models and Treatment

To establish a subcutaneous melanoma model, 1 x 10° B16-F10 cells were resuspended
in 100 uL phosphate-buffered saline (PBS) and subcutaneously injected into the flank of
6- to 7-week-old C57BL/6 mice. On day 6 post-inoculation, mice (n = 5 per group) were
randomly assigned to receive RO-3306 (4 mg/kg, Targetmol, Shanghai, China, T2356) every
three days, or PBS as a control. Tumor growth was monitored every three days, and tumor
volume was calculated as length x width? x 0.5. At the end of treatment, mice were
euthanized, and tumor single-cell suspensions were prepared for flow cytometry analysis.

4.12. Statistical Analysis

Statistical analyses were conducted using GraphPad Prism (Version 9, GraphPad) and
R software (version 4.3.3). The Shapiro-Wilk test was used to evaluate data normality, while
the F-test assessed variance homogeneity. For comparisons between two groups that met
the assumptions of normality and equal variances, an unpaired two-tailed t-test was used
to analyze differences in means. If the data did not follow a normality, the Mann-Whitney
U test was applied as a non-parametric alternative. If the assumption of equal variances
was not met, Welch'’s corrected unpaired f-test was used. Results are presented as the
mean = standard deviation (s.d.), with a p-value < 0.05 considered statistically significant.

5. Conclusions

This study highlights the critical role of CCNB1/CDKI1 in melanoma resistance to NK
cell-mediated cytotoxicity and tumor invasiveness. We demonstrate that CCNB1/CDK1
promotes immune evasion by activating the JAK-STAT3 pathway, leading to upregulation
of IL-6, and PD-L1, which suppress NK cell function. Additionally, CCNB1 activates the
TGE-3-SMAD?2/3 pathway, driving EMT and enhancing melanoma invasiveness. These
dual effects suggest that CCNB1/CDK1 is a promising therapeutic target in melanoma and
warrants further investigation.
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Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/ph18050666/5s1, Figure S1. Analysis of gene co-expression networks
and feature selection for predictive modeling. (A) Determination of the soft-thresholding power
in WGCNA. (B) Gene dendrogram and module identification using WGCNA. (C,D) Consensus
clustering analysis for stratifying samples into subgroups. (E) Bar plot showing the final consensus
clustering results, confirming that the samples were divided into two stable clusters. (F) LASSO
coefficient profiles. (G) Selection of optimal A in LASSO; Figure S2. Receiver operating characteristic
(ROC) curves for predicting patient survival across multiple cohorts. (A-D) ROC curves evaluating
1-, 2-, 3-, and 5-year overall survival (OS) predictions for the constructed model across training
and validation cohorts (TCGA-SKCM, GSE59455, GSE65904,GSE54467). (E) Anti-PD-1 immune
checkpoint blockade cohort (DFCI, Nature Medicine 2019) shows Area Under the Curve (AUC)
values for 1-, 2-, and 3-year OS, respectively; Table S1. Real-time qPCR primers used in this research.
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