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OPEN A Nanostring gene expression

approach identifies aggressive
clinical behavior related genes in
dedifferentiated liposarcoma

Francesca Zalfa'*?*?, Paolo Manca3, Simone Carotti'+?, Silvia Vallese*, Daniela Righi?,
Chiara Taffon®®, Lorenzo Nibid*>®, Marta Sharaglia’:8, Carla Rabitti®, Francesco Pantano®?,
Giuseppe Tonini®'?, Angelo Paolo Dei Tos’:8, Bruno Vincenzi®1%! & Giuseppe Perrone®®11

Dedifferentiated liposarcoma (DDLPS) is one of the most common subtypes of soft tissue sarcoma
with a highly variable clinical behavior. Despite advanced molecular approaches are exploring the
genetic panorama of DDLPS progression, to date the driver genes of the aggressive clinical behavior
in DDLPS have not been identified yet. Here, we used a Nanostring nCounter approach to study the
gene expression profile of 60 selected genes involved in DDLPS progression, in a cohort of DDLPS with
aggressive clinical behavior, in comparison to a cohort of DDLPS with indolent clinical behavior. We
identified five genes whose expression is significantly and consistently altered in aggressive compared
to indolent DDLPS. Moreover, by a clinical outcome analyses we found MAP3K12 gene expression
linked with both a higher risk of metastases and death. We envisage that the identified genes could
represent the first genes of a genetic signature able to predict the clinical evolution of a DDLPS.
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Liposarcomas (LPS) are malignant tumours of the deep soft tissues that account for 20% of all mesenchymal
malignancies' which present many diagnostic troubles?. Of the five WHO-identified histotypes of LPS (atypical
lipomatous tumor/well differentiated ALT/WDLPS, dedifferentiated, myxoid, pleomorphic and myxoid-
pleomorphic)?, the dedifferentiated liposarcoma (DDLPS) represents the morphological progression of the
ALT/WDLPS to a non-lipogenic sarcoma* and has a rather unpredictable clinical behavior, with 20-30% of
aggressive cases showing a propensity for local tissue invasion and distant metastasis and about 14% with already
developed distant metastasis when they first present”.

DDLPS genetically presents many similarities with the ALT/WDLPS: both are characterized by the
amplification of several genes such as MDM2%°13, CDK4>%%-14, HMGA2%'%1314, DDIT3, DYRK2®, YEATS4,
TSPAN31%!34 and some tyrosine kinase receptors such as MET®, AXL>'®, IGF1R® and EGFR'®.

However, broad-spectrum genomic and gene expression molecular approaches in WDLPS/DDLPS have
shown that the number of genes involved in the progression of this tumor is much larger than the dozen genes
on which there was a focus for the development of new therapies'”!® and, despite the widening genetic landscape
of DDLPS, to date the genes that determine the aggressive behavior of a DDLPS have not yet been identified.

In this study, we performed a NanoString nCounter gene expression analysis of 60 genes involved in DDLPS
progression (named NanoString Analysis of DDLPS or NAD60 panel, see Supplementary Table 1) on a selected
cohort of DDLPS (Table 1 and Supplementary Table 2). According to literature data, most of the NAD60 genes
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Clinical behaviour | Aggressive | Indolent

Number 9 20
Age

<65 years 6 15
>65 years 3 5
Sex

M 6 11
F 3 9
Grade

G2 8 17
G3 1 3
Tumor localization

Abdominal 4 6
Retroperitoneal 5 14
Extremities 0 0
Sample type

Surgical resection | 9 20
Biopsy 0 0
Resection margin status

Positive 0 0
Negative 9 20

Table 1. Clinicopathological variables of the DDLPS cohort, stratified by clinical behavior (aggressive or
indolent). Demographic variable (age and sex), tumor grade, tumor localization, sample type and resection
margin status are reported.

were found upregulated in DDLPS versus non-malignant control tissues. Of note, using a consensus k-means
clustering, we divided DDLPS samples in two groups: DDLPS metastasizing within three years of surgery
(named “aggressive”) and DDLPS never metastasizing or metastasizing after three years of surgery (named
“indolent”). NAD60 gene expression analysis of these two groups of DDLPS, allowed us to identify a specific
gene signature that result associated to the aggressive clinical behavior in DDLPS. Moreover, we found MAP3K12
gene expression more closely and significantly associated with both a higher risk of metastases and death.

The genes we identified could represent part of a particular “genetic signature” able to predict the evolution
of a specific DDLPS and to guide the choice of new therapeutic approaches.

Results

DDLPS cohort and NAD60 panel

The study included a cohort of 29 patients with DDLPS from three different institutions in Italy: Fondazione
Policlinico Universitario Campus Bio-Medico of Rome (FPUCBM), University of Padua (UP) and Turin
Hospital (TH) (Table 1 and Supplementary Table 2). This cohort includes all abdominal/retroperitoneal and
high-grade (G2 or G3) DDLPS, with available surgical resections showing negative resection margins. This
cohort was divided in two groups, according to the DDLPS clinical behavior: the “aggressive group” (n=9)
containing DDLPS metastasizing within three years of surgery and the “indolent group” (n=20) containing
DDLPS never metastasizing or metastasizing after three years of surgery, both sharing long-term overall survival
times (Supplementary Fig. 1). The study also included non-malignant control tissues: 5 healthy fat tissues (taken
from abdominal surgical resections) and 3 lipomas.

The genes used for NanoString nCounter analysis were selected based on the data available in the literature
(Supplementary Table 1). In particular, we included the genes already identified by Antonescu and collaborators
as differentially expressed in DDLPS versus control tissues'” and the genes that in subsequent single studies have
shown altered levels of expressions in DDLPS ¢-1618-2 (Supplementary Table 1).

Differential NanoString gene expression analysis in DDLPS

First, we explored differences between samples using a Multi-Dimensional Scaling (MDS) (Fig. 1). Expectedly,
non-malignant tissues (lipomas and healthy fat tissues, yellow and blue dots) showed an expression profile sharply
different from the one of malignant samples (Fig. 1, orange and green dots). Intriguingly, when comparing the
expression profiles of indolent DDLPS (green dots) and aggressive DDLPS (blue dots) samples, there seemed to
be a different spatial enrichment, despite this was not clear. The neutralization of batch effects obtained with data
preprocessing is evidenced by the uniform distribution of different runs in the MDS space.

We next performed a differential expression (DE) analysis using Limma on log,-normalized count data
(Fig. 2). We first compared the expression of DDLPS tissues with non-malignant tissues samples. The sharp
difference in gene expression between DDLPS and non-malignant tissues is clear in the heatmap (Fig. 2a).
Respectively, 34 and 3 genes where significantly upregulated and downregulated in DDLPS tissues, with
significance defined as a FDR-adjusted p value<0.1 and a | (log) _2 (FC)|>1 (Fig. 2b). We next compared
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Fig. 1. Multi-dimensional scaling (MDS) plot of DDLPS and non-malignant samples. Each dot represents
a sample while colors represent the clinical behavior. There is a clear difference between DDLPS and non-
malignant samples. Data normalization balanced possible batch effects due to the different runs (the second
number in sample names).

the expression of aggressive DDLPS versus indolent DDLPS (Fig. 3). Five genes, namely IGF2, TRO, LAMA4,
CDK2 and FGFRI1, were significantly differentially expressed when comparing aggressive and indolent DDLPS
(Fig. 3a); the expression of these genes is represented in Fig. 3b. The complete list of differentially expressed
genes for both comparisons is available as a supplementary table (Supplementary Tables 3 and 4).

Clinical outcome prediction analyses
We next tried to assess whether mRNA expression could be exploited for a-priori clinical outcome prediction.
We first used consensus k-means unsupervised clustering using 100 times repeats to divide DDLPS samples
in two groups (Fig. 4). The two resulting clusters, named “aggressive expression” and “indolent expression”
clusters, showed different clinical profiles: the indolent cluster showed both a lower risk of metastases (HR =0.26;
CI=0.08-0.83; p=0.023) (Fig. 5a) and of death (HR=0.38; 0.11-1.29; p=0.121) (Fig. 5b). To further investigate
which were the genes whose expression was more closely associated to clinical outcomes, we fitted two Cox
proportional hazards regression model for each one of the genes (one with MFS and one with OS as outcomes);
after p value correction MAP3K12 remained the gene with the most significant association with both outcomes
(Supplementary Tables 5 and 6). After finding optimal MAP3K12 cutoffs for both MFS and OS (see Methods)
we saw that a low MAP3K12 expression was linked with both a higher risk of metastases (HR=14.21; CI=1.82—
111.16; p=0.011) (Fig. 5¢) and of death (HR=10.21; 2.11-49.41; p=0.004) (Fig. 5d).

A graphical representation of the aim, experimental strategy and key findings of this study is reported in
Fig. 6.

Discussion

Despite many studies have performed a genetic characterization of DDLPS*-16, driver genes of progression have
not been found yet. Some molecules exhibiting their action on MDM?2 or p53 proteins, such as Nutline family
drugs or the inhibitor of nuclear export selinexor, have been proposed®*-3*. CDK4 inhibitors have been used in
phase I clinical trials®*, a specific oral CDK4-6 inhibitor was tested in humans®>3¢ and recently, evidence of a
rationale for the clinical use of the CDK4 inhibitor palbociclib in sequential association with anthracycline or
lenvatinib has been reported®”. Inhibitors of tyrosine kinase receptors were also testing: Pazopanib, an inhibitor
of PDGFR and VEGFR, is being evaluated in metastatic non-lipogenic soft tissue sarcomas®®3° and, with a phase
11 trial, in advanced and/or metastatic LPS after treatment with Imatinib or Sunitinib®.

However, the results of these trials are conflicting and, due to the development of chemoresistance, with no
relevant response in humans so far. Therefore, to date, surgery remains the mainstay therapeutic strategy for the
treatment of aggressive LPS>.

Advanced molecular approaches recently showed that the genetic landscape of DDLPS is much larger than
the dozen of previously identified and characterized genes. Indeed, microarray analysis identified a plethora
of genes differentially expressed in WDLPS/DDLPS compared to healthy tissue!’, while a combination of next
generation sequencing-based approaches (such as SNP-CHIP array) in LPS, reported a number of alterations in
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Fig. 2. NanoString gene expression profiling of DDLPS versus non-malignant samples. (A) Heatmap
representing the mRNA expression profiles of all samples. Differential expression analysis was performed using
the Limma pipeline, which applies a moderated t-statistic to identify differentially expressed genes. Light green
and pale blue annotations on the right represent, respectively, genes differentially expressed in DDLPS versus
non-malignant tissues. The majority of differentially expressed genes in DDLPS versus non-malignant tissues
are enriched in two different clusters with high within-group internal similarity. Columns represent samples
and rows represent genes. Columns are split according to their clinical behavior, and, within each group,
columns are sorted according to their similarity. Genes are sorted according to their similarity. Hierarchical
clustering was calculated using Euclidean distance. The expression is by-row normalized to better show
between-samples differences. (B) Volcano plot of differential gene expression comparing DDLPS versus non-
malignant samples. Red and blue dots: significantly (abs(log2(FC)) > 1 and adjusted p value <0.1) upregulated
or downregulated genes; black dots: genes with non-significant (abs(log2(FC)) <1 or adjusted p value>0.1)
alteration; x axis shows base-2 logarithm fold change; y axis shows negative base-10 logarithm of unadjusted p
values; FC: fold change.

genes not previously identified as involved in the progression of liposarcomas (such as UAP1, MIR557, LAMA4,
CPM, IGF2, ERBB3 and IGFIRE)"®.

Also recently, Chibon et al. elaborated a prognostic gene expression signature complexity index in sarcomas
(CINSARC"), composed of 67 genes related to mitosis and chromosome management, which has proved to be
a more reliable tool to determine metastatic outcome for sarcoma patients than the Fédération Francaise des
Centres de Lutte Contre le Cancer (FNCLCC) grading system®!. All the selected genes belong to the significantly
enriched pathways in genomically complex versus genomically simple sarcomas and in FNCLCC G3 versus G2
sarcomas. WDLPS/DDLPS belong to the lowly rearranged sarcomas group, since they’re mainly characterized
by a simple genetic profile with amplification’.

However, despite this evidence, the genes that determine the aggressive behavior of a DDLPS have not yet
been clearly identified and the predictivity of the clinical behavior remains a major issue in DDLPS.

Here, using a NanoString nCounter gene expression analysis with the NAD60 panel (Supplementary Table 1)
on selected cohorts of DDLPS that show “aggressive” or “indolent” clinical behavior (Table 1 and Supplementary
Table 2), we identified five genes (IGF2, TRO, LAMA4, CDK2 and FGFRI) significantly downregulated in
“aggressive” versus “indolent” DDLPS and one gene, MAP3K12, the expression of which is more closely
associated to clinical outcomes in our DDLPS cohort.

Interestingly, among these differentially expressed genes, CDK2 and MAP3K12 are localized in the long arm
of chromosome 12 (12q), a chromosome region often amplified in WDLPS/DDLPS and where well-known and
WDLPS/DDLPS-associated genes, such as MDM2, CDK4, YEATS4, HMGAZ2 and TSPAN31, are also found'*. Of
note, while the latter genes are amplified in both WDLPS and DDLPS, the alterations of CDK2 and MAP3K12
are specific to DDLPS only*2. Moreover, the importance of FGFRI and FGFR4 expression in DDLPS progression
was underlined. Indeed, evidence was provided that FGFR pathway could have therapeutic potential for a subset

Scientific Reports | (2025) 15:9204 | https://doi.org/10.1038/s41598-025-91791-6 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

a

aggressive vs indolent DDLPS

—log10(adj. p value)

0.0-

CDK2) FGFRT1

TRO)

behaviour
aggressive

M indolent

expression

FGFR1 - 0.05

Lamad 0.04

core 0.03

TRO

1GF2

@ downregulated in aggressive DDLPS o

3

2

4
log2(Fold Change)

Fig. 3. Five genes are significantly differentially expressed when comparing “aggressive” and “indolent”
DDLPS. (A) Volcano plot of differential gene expression comparing aggressive versus indolent DDLPS. Blue
dots: significantly (abs(log2(FC)) > 1 and adjusted p value <0.1) downregulated genes; black dots: genes

with non-significant (abs(log2(FC)) <1 or adjusted p value > 0.1) alteration; x axis shows base-2 logarithm

fold change; y axis shows negative base-10 logarithm of unadjusted p values; FC: fold change. (B) Heatmap
representing genes significantly differentially expressed in aggressive versus indolent DDLPS. Columns
represent samples and rows represent genes. Columns are split according to their clinical behavior, and, within
each group, columns are sorted according to their similarity. Genes are sorted according to their similarity.
Hierarchical clustering was calculated using Euclidean distance.

of DDLPS and that an FGFRI/FGFR4 expression might constitute a powerful biomarker to select patients for
FGFR inhibitor (i.e. erdafitinib) clinical trials*.

MAP3K]I2 (mitogen-activated protein kinase kinase kinase 12, also named DLK, dual leucine zipper kinase)
encodes a member of the serine/threonine protein kinase family*%. This kinase contains a leucine-zipper
domain and is predominately expressed in neuronal cells but is also expressed in other tissues such as fat*.
This kinase forms heterodimers with leucine zipper containing transcription factors, such as cAMP responsive
element binding protein (CREB) and MYC and thus may play a regulatory role in PKA or retinoic acid induced
differentiation**, Moreover, MAP3K12 expression can induce metabolism and apoptosis in some non-nerve
cells, suggesting a role also in cancer progression**. Finally, DLK is a critical target of FMRP (Fragile X Messenger
Ribonucleoprotein 1)*°, an RNA binding protein involved in some neurological disorders and in cancer’.
Therefore, we cannot exclude a tumorigenic effect of MAP3K12 protein in DDLPS mediated by FMRP.

This study has some limitations that should be acknowledged. First, our DDLPS cohort is highly homogeneous
in terms of clinicopathological parameters relevant to dedifferentiated liposarcomas, as we included only
abdominal/retroperitoneal DDLPS cases with high grade (G2 or G3) and resection specimens with negative
margin status. While this strict inclusion criteria allowed for a more focused analysis, it inevitably reduced the
cohort size, creating challenges in performing more fine statistical analyses that require further sub-clustering of
samples. Secondly, this aspect limited the validation of our results through meta-analyses, as publicly available
RNA or protein databases containing cohorts with comparable parameters are challenging to find.

In conclusion, the genes we have identified, which are involved in signal transduction, cell cycle and cell
adhesion pathways (Fig. 6), may play an important role in the de-differentiation process of liposarcomagenesis
and in DDLPS progression. These genes could represent part of a “genetic signature” of an aggressive behavior
in DDLPS that could be able to predict the metastatic evolution of a specific DDLPS, as well as could represent a
platform of putative molecular targets for the development of new therapeutic approaches. Future confirmation
by prospective studies will be necessary to validate the involvement of these genes in DDLPS progression.

Materials and methods

Human tissues collection and patient information

A total of 29 patients with DDLPS surgically resected with available formalin-fixed paraffin-embedded (FFPE)
tumor samples and with a minimum 5 years of follow-up were retrospectively identified at three Italian institutions:
Fondazione Policlinico Universitario Campus Bio-Medico FPUCBM (n=16); Padua University (n=3); and
Turin Hospital (n=10). Pathologic diagnosis of DDLPS was confirmed by 3 independent sarcoma pathologists
(C.R., G.P.and S.V.). Healthy fat tissues (n=>5) from abdominoplasty resection and lipomas (n = 3) were included
in the study as non-malignant controls. All methods were carried out in accordance with Declaration of Helsinki
guidelines and regulations. All experimental protocols were approved by the Institutional Ethical Board of the
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Fig. 4. mRNA expression in a-priori clinical outcome prediction. Heatmaps representing mRNA expression.
Columns represent samples and rows represent genes. Columns are split into two groups according to
consensus k-means clustering.

Fondazione Policlinico Universitario Campus Bio-Medico (protocol number 23.16 TS). Informed consent was
obtained from all subjects and/or their legal guardians.

The histopathological diagnoses of the tumours were described according to the World Health Organization
(WHO) International Classification of Disease for Oncology. The medical records of all patients were examined
to obtain clinical and histopathological information. According to clinical behavior, the DDLPS cohort was
divided in two groups: an “aggressive group” containing DDLPS metastasizing within three years after radical
surgical excision (n=9), and an “indolent group” containing never metastasizing DDLPS or metastasizing after
three years of surgical excision (n=20).

NanoString nCounter analysis

Total RNA from FFPE tumor or healthy samples (two/three 10 pm slices) was extracted using the High Pure
FFPET RNA Isolation Kit (Roche Life Science). One hundred nanograms of total RNAs for each sample were
subjected to NanoString nCounter analysis, using a custom gene set containing 60 selected target genes and six
selected housekeeping genes (NAD60 panel, Supplementary Table 1). The nCounter Analysis System utilizes
a novel digital color-coded barcode technology that is based on direct multiplexed measurement of gene
expression and offers high levels of precision and sensitivity (<1 copy per cell). The technology uses molecular
“barcodes” and single molecule imaging to detect and count hundreds of unique transcripts in a single reaction.
NanoString nCounter analysis was performed following the manufacturer’s protocol (www.nanostring.com).
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Fig. 5. Clinical profiles of consensus k-means clustering. Kaplan-Meier curves of (A) metastasis-free survival
(MFS) and (B) overall survival (OS) depending on the consensus k-means based clustering and of (C) MES
and (D) OS depending on MAP3K12 expression. Figures show log-rank p values; hazard ratios (HRs) are
reported in the text.

In brief, total RNA was hybridized in solution at 65 °C for 18 h with specific pairs of ~ 50 base probes for each
mRNA. The Reporter Probe carries the signal, and the Capture Probe allows the complex to be immobilized
for data collection. After hybridization, the excess probes were removed and the probe/target complexes
aligned and immobilized in the nCounter Cartridge. Sample Cartridges were placed in the Digital Analyzer
for data collection. Colour codes on the surface of the cartridge were counted and tabulated for each target
molecule. To account for potential batch effects, all raw data (Supplementary Table 7) were preprocessed and
normalized using nSolver Analysis Software (nSAS) to adjust for technical variations across experimental runs
and to ensure reproducibility and consistency across datasets. In brief, nSAS preprocessing and normalization
included background subtraction using eight negative control probe counts, positive control normalization
with six positive control probe counts and housekeeping normalization based on six housekeeping gene counts
(GAPDH, HPRT1, MRPS5, TUBB, ACTB and HIST1H3A).

Statistical analyses and data handling

Multi-dimensional scaling (MDS

)49

was used to project similarities between samples in a 2-dimensional space.

Normalized counts were log2 transformed and differential expression (DE) analysis was performed using Limma
pipeline®®!; in particular, a linear model was fitted for each gene using different designs according to the desired
comparison and these were later used to calculate moderated t-statistics using an empirical Bayes method>?
to model gene variances toward a common value. FDR-method®® was used to correct p values for multiple
comparisons. Genes with an adjusted p value <0.1 and a |log, (FC)|> 1 were considered of interest. Volcano plots
were built using -log,; (corrected p values) and log, (FC). Consensus k-means clustering with 100 repeats was

used to identify possible eventual subgroups of patients. Heatmaps were used to represent mRNA expression

54

using log, by-gene normalized values. Dendrograms built on Euclidean distance were used for both samples and
genes sorting and representation in the heatmaps. Log-rank statistics was calculated to investigate the association
between continuous predictor and right-censored time-event variables; maximization of log-rank statistic was
used to identify best cut-offs for these variables®>*°. Kaplan-meier curves with 95% confidence intervals were
used for right-censored time-event variables representation®’.
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Fig. 6. Graphical abstract. The image summarizes the aim, methods, and key findings of our study. Created in
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Graphical abstract creation
The scientific illustrations included in this manuscript were created using BioRender, a web-based platform for
scientific illustrations (https://biorender.com/), which is continuously updated.

Data availability

All

data supporting the findings of this study are available within the paper and its Supplementary Information.
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