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Abstract

Background: Immunotherapy with immune checkpoint inhibitors (ICl) has revolutionized cancer therapy. However,
therapeutic targeting of inhibitory T cell receptors such as PD-1 not only initiates a broad immune response against
tumors, but also causes severe adverse effects. An ideal future stratified immunotherapy would interfere with cancer-
specific cell surface receptors only.

Methods: To identify such candidates, we profiled the surface receptors of the NCI-60 tumor cell panel via flow
cytometry. The resulting surface receptor expression data were integrated into proteomic and transcriptomic NCI-60
datasets applying a sophisticated multiomics multiple co-inertia analysis (MCIA). This allowed us to identify surface
profiles for skin, brain, colon, kidney, and bone marrow derived cell lines and cancer entity-specific cell surface recep-
tor biomarkers for colon and renal cancer.

Results: For colon cancer, identified biomarkers are CD15, CD104, CD324, CD326, CD49f, and for renal cancer, CD24,
CD26, CD106 (VCAMT), EGFR, SSEA-3 (B3GALTS), SSEA-4 (TMCCT), TIM1 (HAVCR1), and TRA-1-60R (PODXL). Further
data mining revealed that CD106 (VCAM1) in particular is a promising novel immunotherapeutic target for the treat-
ment of renal cancer.

Conclusion: Altogether, our innovative multiomics analysis of the NCI-60 panel represents a highly valuable resource
for uncovering surface receptors that could be further exploited for diagnostic and therapeutic purposes in the con-
text of cancer immunotherapy.
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Background

Implementation of cancer immunotherapy by immune
checkpoint inhibitors (ICIs) is one of the most recent
transforming developments in oncology that strongly
helped to improve overall survival of patients suffering
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from various cancers [1]. Its principle is based on the
antibody-mediated blockage of inhibitory immune sign-
aling exerted by tumor cells to unleash the immune sys-
tem, with the overall goal to achieve a sustainable tumor
elimination by the host’s intrinsic immune response. The
first established ICIs target the PD1-PDL1 inhibitory axis
on T cells to activate the cytotoxic T lymphocyte (CTL)
response [1] and block signaling of the T cell inhibitory
receptor CTLA-4 [2]. In this context, alternative strate-
gies are to activate not only T cells but also NK-cells [3],
or to target general immune-inhibitory signaling axes,
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i.e., the CD47-SIRPa pathway [4]. Conceivably, due to
the nature of this approach, cancer immunotherapy via
ICIs is unspecific, can have severe adverse effects and has
a certain risk of complete therapy failure or could even
result in an aggravation of the addressed malignancies
[5]. Hence, there are ongoing efforts to improve immuno-
therapies, especially in terms of specificity, so that only or
at least mainly tumor cells are killed [6].

Such approaches are based, for example, on bispecific
antibodies that bind to a tumor antigen and are designed
to crosslink T cells to the tumor cells via secondary bind-
ing to CD3 or another T cell-specific antigen [7]. In this
way, cytotoxic T cells should be specifically recruited to
and kill malignant tumor cells. This concept is further
elaborated to recruit NK cells, and also has been devel-
oped in the context of chimeric antigen receptor (CAR) T
cells [7, 8]. CAR T cells are engineered to express an arti-
ficial T cell receptor tumor-specific antigen. Altogether,
efforts are undertaken to improve efficacy of immuno-
therapy and reduce side-effects by specific targeting of
malignant tumor cells.

The key to improving and precisely targeting can-
cer immunotherapy is the knowledge of tumor-specific
biomarkers accessible at the cell surface. Therefore, we
hypothesized that a novel systematic screening of cancer
cell lines using a distinct comprehensive flow cytometric
approach should enable the identification of hitherto uni-
dentified cancer entity-specific cell surface receptors. For
this, we took advantage of the NCI-60 tumor cell panel,
a collection of 60 different human cancer cell lines that
were established to facilitate systematic screening of anti-
tumor drugs (https://dtp.cancer.gov/discovery_devel
opment/nci-60/cell_list.htm) [9-12].

We systematically characterized the expression of 332
receptors on the surface of the NCI-60 tumor cell collec-
tion using an array of flow cytometry-applicable antibod-
ies. The NCI-60 panel has already been comprehensively
characterized via transcriptomics and proteomics [13,
14]. While these latter approaches facilitate the identifi-
cation of tumor biomarkers, they do not give any infor-
mation on differential cell surface expression which is a
prerequisite to exploit them as immunotherapeutic tar-
gets. Therefore, building on these high-quality public
data sources, we analyzed the receptorome using flow
cytometry and present an integrated three-layer multi-
omics approach. As a result of our cell surface receptor
profiling using the NCI-60 tumor cell panel, we identi-
fied tumor biomarkers and immunotherapeutic targets
that are readily accessible on the surface of human can-
cer cells via well-characterized antibodies. We anticipate
new avenues for the development of highly specific and
targeted immunotherapeutic approaches using the pre-
sented data as a resource.
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Methods

Cell culture

The NCI-60 tumor cell panel from the US National Can-
cer Institute was purchased from Charles River Labo-
ratories (Charles River Laboratories Inc., New York,
NY, USA). All cell lines were cultivated in RPMI-1640
medium supplemented with 10% fetal calf serum (FCS),
2 mM L-glutamine and 100 pg ml~! penicillin—strepto-
mycin. Cells were cultured at 37 °C in an atmosphere of
5% CO,.

Flow cytometric cell surface receptor screening

Before NCI-60 cells were used for flow cytometric analy-
ses they were cultured from nitrogen stocks and allowed
to grow for at least 2 weeks (four to five passages at maxi-
mum). Cells were detached by Accutase treatment and
stained with the LegendScreen Human PE kit (BioLeg-
end) using 332 PE-conjugated antibodies essentially as
described before [15, 16]. Cell surface expression of the
332 receptors was measured via flow cytometry using
the MACSQuant VYB Analyzer (Miltenyi Biotec). Flow
cytometry data was analyzed with the FlowLogic (Milte-
nyi-Inivai) software to obtain the mean fluorescence
intensity (MFI) values of each analyzed receptor.

General data curation and quality control

For data quality control, to compare the receptor MFIs
across 2 weeks, and for the MCIA analysis, R version
3.3.2 was used. For all other analysis the R version was
4.1.3 [17]. All analysis scripts including input and output
data can be found at https://github.com/qbicsoftware/
QMSEC. The repository comes with a detailed README
and Anaconda environments to ensure reproducibility of
the results [18]. For all data sets, as BRMDAMB468 is
not present in the microarray data, we removed it from
the data set. We also removed tumor cell line ME-LOX-
IMVI as it is lacking any melanin production and there-
fore it is most likely not a melanoma cell line [19]. We
harmonized the cell names and annotated the cells to the
respective tissue type [20, 21].

Flow cytometry data curation

For quality control, isotype control samples were ana-
lyzed separately from the data related to specific cell sur-
face staining. The 10 isotype controls were removed from
the full FACS data and considered individually as visible
in Additional file 1: Fig. S1, Additional file 2: Fig. S2, Addi-
tional file 3: Fig. S3, Additional file 4: Fig. S4, Additional
file 5: Fig. S5, Additional file 6: Fig. S6. Furthermore, for
a set of cell lines, a second independent legend screen
was conducted 1 week after the first sampling to check
for reproducibility of the procedure, this data is available
in Additional file 7: Dataset S1. The 25 cell lines of which
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a 2nd week measurement was performed were indepen-
dently analyzed from the original FACS data (MFI values)
set. For each of the cell lines, a between paired samples
correlation test using the R function correlation test with
method Spearman was executed. Before testing, a Shap-
iro-Wilk test of normality ensured that none of the meas-
urements follow a normal distribution. For each receptor
of each cell line pair, the log2 fold change was calculated.
Furthermore, a between paired samples correlation test
of all week 1 MFI value versus all week 2 MFI values was
conducted. Before testing, an Anderson-Darling test for
normality was performed. For further data analyses week
1 measurements only were used to have consistent data
for all cell lines. FACS data (MFI values) of the receptor
expression of the tumor NCI-60 cell line panel was log
transformed (base 10). For all other downstream analy-
ses, the raw expression values were used that are summa-
rized in the Additional file 8: Dataset S2.

Microarray data curation

Robust multi-array average (RMA) [22] normalized
microarray data of the NCI-60 cell lines was fetched from
the Gene Expression Omnibus using accession number
GSE32474 [12, 23-27]. The HGNC symbols for the Affy-
metrix U133 Plus 2.0 chip were downloaded from the
Ensemble BioMart Portal [28]. The microarray probes
were annotated with the HGNC symbols. All unanno-
tated probes were discarded. We observed 37,989 distinct
HGNC-Affymetrix identifiers and 19,473 unique HGNC
symbols. We merged the expression values with the same
HGNC symbol using their mean.

Proteome data curation

MaxQuant [29] processed proteome data of the NCI-60
cell line panel was downloaded from PRIDE [30] using
project number PXD005946 [14]. Label-free quantifica-
tion (LFQ) values were log transformed (base 10), and
previously identified contaminant proteins [14], labeled
in the dataset with “CON” or “REV’, were removed. Both
cell lines HOP92 and SR were two times in the proteom-
ics data set. For each duplicate, we removed the cell line
with more missing values. As the subsequent MCIA anal-
ysis can’t be performed with missing values, we only kept
proteins with 60 measurements, 514 in total.

Hierarchical clustering

Hierarchical clustering was performed using Spearman
correlation [31] for the distance metric with ward.D2 for
the agglomeration.

MCIA
The omicade4 R package [19] was applied as an explora-
tory analysis to the transcriptomic study, the proteomic
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study and the FACS study of 58 cell lines. A customized
version of the plotting function of omicade4 adds colors
from the RColorBrewer package (https://CRAN.R-proje
ct.org/package=RColorBrewer). Using the information
given in the sample and feature space of the MCIA, cell
tissue type hits of FACS (LE, ME, CO, RE, CNS) were
manually selected with selectVar. The resulting FACS
receptors were annotated with gene identifiers for down-
stream comparison with the RNA-Seq recount2 data
analysis.

RNAseq data analysis
TCGA recount2 data of CNS, RE, CO, ME, LE was
downloaded from the recount2 portal. For each of these,
initial data processing was performed with the recount
Bioconductor package [32]. Only samples with non-
empty metadata were kept. Samples were filtered for
“Primary Tumor” and “Solid Tissue Normal” Only for the
RE and CO tissue types there were “Solid Tissue Normal”
samples. For CO, we obtained 500 tumor and 41 normal
samples, and for RE we obtained 899 tumor and 129
normal samples, respectively. For both tissue type data,
DESeq2 was applied in order to identify differentially
expressed genes [33]. The experimental design formula
was:
~gdc_cases.demographic.gender + gdc_cases.demo-
graphic.race + gdc_cases.samples.sample_type.

Genes were classified as differentially expressed with a
p-adjusted value <0.05.

Human Protein Atlas data analysis

Available data for tissue protein expression in the Human
Protein Atlas (HPA, [34]) was used for a systematic inves-
tigation of the eight differentially expressed molecules
as identified by multi-omics. The expression of those
eight molecules (CD24, CD26, CD106 [VCAM1], EGEFR,
SSEA4 [TMCC1], TIM1 [HAVCR1], SSEA3 [B3GALT5],
TRA-1-60R [PODXL]) at the protein level was compared
in normal renal tubules (in tissue cores of maximum 11
patients) vs. renal cell carcinoma, clear cell and non-clear
cell type (in tissue cores of maximum 40 patients). For
some of these proteins, immunohistochemistry data from
multiple different antibody clones were available which
is shown in Additional file 9: Table S1, all of which were
included in the analysis. For each patient/kidney sample,
up to two different tissue cores were available. Normal
and tumor kidney samples were not matched. The cohort
(n=23) of renal cell carcinomas comprised 21 clear cell
renal cell carcinomas (91.3%) and two non-clear cell renal
cell carcinomas (8.7%) for CD106 (VCAM1). For EGFR
(n=40), 31 clear cell renal cell carcinomas (77.5%) and
nine non-clear cell renal cell carcinomas (22.5%) were
included.
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Immunohistochemistry staining results were visually
reviewed and jointly scored for each tissue core by two
pathologists (K.B. and C.M.S.). The scoring was based
on staining intensity and the amount of positive cells
in a three-tiered manner, as follows: Intensity: 0: no
expression; 1: weak expression; 2: moderate expression;
3: strong expression. Amount of positive cells: 0: none;
1: <25%; 2: 25-75%; and 3: >75% positive cells. Finally,
the two values were multiplied, resulting in a modified
immunoreactivity score (IRS, [35]) of values ranging
between 0 and 9. In cases with two available tissue cores,
the mean IRS was used for further analysis.

Data were visualized using GraphPad PRISM v.9.0.0.
IRS scores of normal vs. tumor tissue were compared
using the unpaired Mann-Whitney test. Two-tailed exact
p-values<0.05 were considered statistically significant.
Limitations of the analyses: Firstly, the tissue cores of
normal kidney tissue did not match tissue cores of renal
adenocarcinoma. In addition, the sample size in the
Human Protein Atlas was partially very limited and pos-
sibly affected statistical analysis. Moreover, some anti-
bodies showed paradox and contradictory staining, an
important technical limitation.

The Cancer Proteome Atlas analysis

The Cancer Protein Atlas portal was accessed (https://
tcpaportal.org/tcpa/differential_analysis.html) in order to
explore the functional proteomics landscape of all renal
cell cancer subtypes in regard to EGFR expression. On
the web interface “By tumor type” and Pan-Can 32 were
selected. For “Select tumor A” always “Kidney renal clear
cell carcinoma (KIRC) (445 samples)” was chosen. For
“Select tumor B” either “Kidney Chromophobe (KICH)
(63 samples)” or “Kidney renal papillary cell carcinoma
(KIRP) (208 samples)” was selected. The results were fil-
tered by Protein Marker ID = EGFR and Gene(s) =EGFR.

Results

Cell surface receptor expression of the NCI-60 tumor cell
panel

The NCI-60 tumor cell panel is a collection of 60 dif-
ferent human cancer cell lines representing 9 different
tumor entities: leukemia (LE), lung cancer (LC), colon
cancer (CO), cancer of the central nervous system (CNS),
melanoma (ME), ovarian cancer (OV), renal cancer (RE),
prostate cancer (PR) and breast cancer (BR).

This panel is frequently used in cancer research, and
various studies have performed detailed analyses of the
transcriptome and proteome of these cell lines to iden-
tify cancer-specific biomarkers or potential therapeutic
targets. However, surface residing biomarkers might be
missed by the latter approaches, since when employing
standard-proteomics membranes are largely excluded
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in the non-soluble fraction and dynamic internaliza-
tion processes of surface receptors, shedding and other
mechanism that alter the receptorome are not detected
by transcriptomics [15]. Furthermore, it remains unclear
if biomarkers are also differentially expressed at the cell
surface and may therefore be suitable targets for anti-
body-mediated immunotherapy. To close this important
gap, we performed a medium-throughput flow cyto-
metric profiling of the NCI-60 tumor cell panel with an
arrayed set of 342 PE-labeled antibodies (Fig. 1 and Addi-
tional file 8). To probe for measurement reproducibility,
25 out of the 60 tumor cell lines were randomly selected
for a subsequent measurement 1 week later, showing
no significant differences (Spearman correlation coef-
ficient r=0.91, p<2.2e—16) in the absolute mean fluo-
rescence intensity (MFI)-values with same laser settings
(Additional file 7). Importantly, data was matched to the
corresponding isotype controls (IC) considering their
background signal when calculating the true intensities.
Detailed IC data is presented in Additional files 1, 2, 3, 4,
5and 6,

Multiomics analyses integrates flow cytometric data,
proteomics and transcriptomics

It is important to note that differentially expressed recep-
tors might in a first instance represent general tissue
markers, as well as cancer specific markers. Hence, our
subsequent workflow aims to screen for common mark-
ers first, eliminate those and then perform subfiltering
for tissue and cancer specific markers.

To identify the most robustly expressed cell surface
receptors on the various tumor cell lines, we integrated
our FACS data with previously generated transcriptomic
(Tx) and proteomic (Px) profiles of the NCI-60 tumor cell
panel [13, 14, 19]. To this end, we used multiple co-iner-
tia analysis (MCIA) to exploit the potential of the various
omics data sets [19].

During data curation, two cell lines had to be removed
(see “Methods”), eventually ending up with 58 tumor cell
lines, each yielding 332 features based on flow cytometry,
514 features from Px and 19,437 from Tx. Spearman dis-
tance was used to create a dendrogram of the various cell
lines, visualizing their relationship and revealing poten-
tial differences in tumor cell line annotation upon utiliza-
tion of different omics data (Fig. 2).

Of note, flow cytometry-based characterization, i.e.,
relationships between tumor cell lines based on expres-
sion of cell surface receptors, was comparable to the
annotation based on Tx data, and superior to Px. Flow
cytometric analysis revealed specific clusters of the
respective cell lines, in detail of central nervous system,
renal, melanoma, colon and leukemia tumor cell lines,
indicating that these might harbor unique identifiers.
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Fig.1 Flow cytometric profiling of the NCI-60 tumor cell panel. The NCI-60 tumor cell lines were analyzed for expression of 332 cell surface
receptors by flow cytometry (see “Methods"). Shown is the distribution of the cell surface expression of all measured receptors as log;, mean
fluorescence intensity (MFI). CNS cancer of the central nervous system, CO colon cancer, LE leukemia, LC lung cancer, BR breast cancer, ME
melanoma, OV ovarian cancer, PR prostate cancer, RE renal cancer

For Tx, only lung cancer-derived tumor cell lines showed
a more comprehensive clustering when compared to
FACS, while ovarian, prostate and breast cancer cell lines
were dispersed in all analyses (Fig. 2).

Comprehensive MCIA integrating all three omics
approaches (Fig. 3) revealed distinct clusters for the
individual cancer types (Fig. 3a). In fact, we observed
a significant contribution of the flow cytometric sur-
face proteome data to the molecular profile of the indi-
vidual tumor cell lines. Furthermore, different tumor
types showed similar molecular patterns, as they formed
clusters within the sample space. In agreement to the
relationship analyses based on the various single omics
techniques (Fig. 2), the MCIA revealed unique signatures
predominantly for melanoma (ME; yellow) and leukemia
(LE; green), but also identifiable clusters for cancer of
the central nervous system (CNS; red), renal cancer (RE;
grey) and colon cancer (CO; blue) (Fig. 3a).

Figure 3b shows the variables (transcripts, proteins and
surface receptors) and their contribution to the cluster-
ing. Moreover, scree plot analysis helped us to determine
the number of factors that should be considered (Fig. 3c),
hence the number of principal components (PCs) that
contribute to variability and help to discriminate tumor
entities. The first 10 PCs already account for 74.7% of

the variance and therefore were included into MCIA.
The pseudo-eigenvalues of the whole NCI-60 data set
(Fig. 3d), including Tx, Px and flow-cytometry, demon-
strates that the integration of the receptorome data cru-
cially contributes to the total variance of the MCIA and
is hence an essential denominator to identify biomarkers.
Table 1 lists cell surface receptors that were identified as
tissue specific biomarkers based on our MCIA. As antici-
pated, from the lack of clustering (Figs. 2 and 3a), no
MCIA hits could be retrieved for lung-, breast, ovarian-
and prostate cancer, which might also reflect the large
heterogeneity of these cancer entities.

Identification of tumor biomarkers by integration of MCIA
into recount2 RNA-seq data

As discussed, the cell surface receptors identified by the
MCIA do not necessarily represent tumor biomarkers,
as we are lacking healthy control tissue to compare with
the tumor cell lines. As an example, leukocyte specific
marker CD2 is a T cell antigen. Therefore, while it is not
surprising that MCIA identified CD2 as a leukemia spe-
cific receptor in comparison to all the other cancer enti-
ties, it is conceivable that CD2 is not a tumor marker.
Having now identified differentially expressed surface
markers by FACS and MCIA, we would now ideally
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match the data with receptoromes of healthy control tis-
sue. Due to the lack of such data, we validated our MCIA
hits with The Cancer Genome Atlas (TCGA; www.can-
cer.gov/tcga) RNAseq count data, utilizing the recount2
resource results (https://jhubiostatistics.shinyapps.io/
recount/ [32]). This allows to compare data from malig-
nant with those from healthy tissues and hence to dis-
criminate tissue markers from tumor markers. To our

surprise, we could only retrieve for colon and renal can-
cer comprehensive recount2 RNAseq data from tumor
as well as healthy tissues. For our other cancer types
that distinctly clustered by MCIA, we could retrieve no
TCGA RNAseq count data comparing tumor to normal
tissue, precluding this type of analyses. The differentially
expressed genes for colon and renal cancer are listed in
Additional file 10: Dataset S3 and Additional file 11:
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Fig.3 Multiple co-inertia analysis (MCIA) of the NCI-60 panel data. a (top left) The first two principal components of the MCIA plot show similar
trends in microarray (Tx, circle), proteomics (Px, triangle), and flow cytometry (FACS, square) profiles, suggesting that the most variant sources of
biological information are similar. The type of shape indicates the respective omics platform. Shapes are connected by lines joining a common
point representing the maximized covariance reference structure derived from the MCIA analysis. The length of a line models the divergence

between the data from the same tumor cell line. Colors represent the nine NCI-60 different tissues covered by the tumor cell lines. Central nervous
system (CNS) and leukemia (LE) cell lines are separated along the first axis (PC1, horizontal). Melanoma (ME) was projected on the positive side of
the second axis (PC2, vertical). b (top right) The variable space with data from the different omics techniques is colored coded (Tx, black; Px, red;
FACS, green). A tissue specific feature will be projected in the direction of this tissue. The larger the distance from the origin, the more potentially
significant a feature is. ¢ (bottom left) A scree plot showing the eigenvalues on the y-axis and the number of PCs on the x-axis. Used to rationalize

the number of PCs included in the analysis. d (bottom right) The pseudo-eigenvalue space of the NCI-60 data sets summarizes the consensus
between the platforms, highlighting which omics technique contributes more to the total variance (Tx, black; Px, red; flow cytometry, green)

Dataset S4. For both cancer entities, the five (colon) and
eight (renal) identified MCIA receptors were differen-
tially expressed between healthy and malignant tissues
and hence represent potential surface accessible tumor
biomarkers (Table 2).

We next plotted the relative MFIs of the tumor bio-
markers and directly compared receptor expression on
colon and renal tumor cell lines in the NCI-60 tumor
cell panel to the other cell lines (Fig. 4). All receptors
showed increased expression on colon and renal cancer
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Table 1 Tumor cell line specific cell surface markers based on MCIA analysis

Colon cancer (CO) Renal cancer (RE)

Melanoma (ME)

Central nervous system  Leukemia (LE)

(CNS)
CD104 CcD106 CD1a CD105 CD100 CcD28
CD15 CD24 CD213a2 CD273B7DC CcD102 CD38
CD324 CD26 CcD317 CD275B7H2 CD11a CcD4
CD326 EGFR CD39 CD49%e Cch18 CD45
CD4of SSEA-3 CD49d CcD8o CD184 CD48
SSEA-4 Integrin(a9b1) MSCATMSC CD1b CcD5
TIM1 CD1c CD50
TRA-1-60-R CcDh1d cb7
CcD2 CD84
cb27 CD8a

Table2 CO and RE cancer cell surface biomarkers based on
integrated MCIA and recount?

log2FoldChange pvalue padj receptorID GenelID

Colon cancer: recount2 analysis filtered by MCIA hits
0.659 6.844e—10 3.064e—9 CD4of ITGA6
0.503 1.923e—06 6.064e—06  CD15 FUT4
0328 0.016 0.029 CD104 ITGB4
—0431 3.118e—06 9.609e—06  CD326 EPCAM
—0.489 2.994e—8 1.144e—7 CD324 CDH1

Renal cancer: recount2 analysis filtered by MCIA hits
2304 1.021e—36 1.237e—35 TIMI1 HAVCR1
1.726 4.503e—36 5309e—35 CD106 VCAM1
1.464 7.690e—63 2.500e—61 SSEA-4 T™MCCT
1371 6499e—11 2.119e—10  SSEA-3 B3GALTS
1.200 1296e—32 1323e—31  EGFR EGFR
0.681 9.772e—7  2383e—06 (D26 DPP4
0464 1575e—-8  4375-8 CD24 CD24
—1.856 7622e—41 1.1002e—39 TRA-1-60-R  PODXL

cell lines as compared to the remaining tumor cell lines
from the NCI-60 panel. Expression of CD15, CD104,
CD324, CD326 and CD49f was specifically enriched on
the surface of colon cancer-derived cell lines (Fig. 4a, left
and primary FACS data in in Fig. 4b). Renal cancer cell
lines in comparison to all other cancer entities expressed
significantly higher cell surface levels of CD24, CD26,
CD106 (VCAM1), TIM1, SSEA-3 (B3GALT5), SSEA-4
(TMCC1), TRA-1-60R (PODXL) and EGFR (Fig. 4a right
and primary FACS data in Fig. 4b).

Immunohistochemical analysis and validation of kidney
tumor biomarkers using the human protein atlas

We next addressed the expression of kidney tumor bio-
markers at the protein level by using data from the

Human Protein Atlas (HPA, www.proteinatlas.org, [34]).
CD106 (VCAM1) protein expression tended to be lower
in healthy renal tubules compared to renal adenocar-
cinoma (Fig. 5a—c). For EGFR, we observed the same
trend with higher expression in the tumors (Fig. 5d, e).
whereas one EGFR antibody clone had the opposite
phenotype (Fig. 5e). Pooled analysis without that clone
showed a significantly higher protein expression of EGFR
in tumors compared to healthy tubules (p =0.0030; exact,
two-tailed; sum of ranks 199.5, 1397; Mann—Whitney
U=121.5; Fig. 5f). There were no significant differences
in expression between clear cell and non-clear cell renal
cell carcinomas for CD106 (n=23; p=0.787; df=5,
value =2.428, chi-squared test) and EGFR (n=44; with-
out CAB068186 antibody; p=10.432; df =6; value=5.919,
chi-squared test).

For CD24, we also observed moderately higher protein
levels in tumors, which is depicted in Additional file 12:
Fig. S7. For TRA-1-60R (PODXL), there were no signifi-
cant differences detected (Additional file 12, panel d, e).
Interestingly, and in contrast to the expected outcomes
from our mRNA analysis, we observed significantly lower
expression levels of TIM1 (HAVCR1), SSEA4 (TMCC1),
CD26 and SSEA3 (B3GALT5) in tumors compared to
healthy renal tubules (Additional file 12, panel f-o0). The
whole data are summarized in Additional file 8: Table S1.

Hence, while previous studies including data summa-
rized in the HPA provided a list of promising candidates
potentially suitable to use as cancer biomarkers, our data
now critically expands this knowledge to markers that are
surface accessible and are therefore candidates for tumor
specific immunotherapy. Especially CD106 (VCAMI)
and EGFR seem promising immunotherapeutic targets
that show higher surface expression levels in the context
of renal cancer.
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Fig.4 Differential cell surface receptor expression on CO and RE cancer cell lines as compared to other tumor cell lines. a Shown is the relative
MFI of each of the depicted receptors of each CO (n=7, left) or RE (n=38, right) cell line in comparison to all other tumor cell lines in the NCI-60
panel (NCI). Each symbol represents the specific cell surface receptor expression MFI of one cell line. Statistical significance of overall differences in
receptor expression (MFI) of CO or RE versus all other cell lines was calculated with a one-way ANOVA with multiple comparisons and a Kruskal—-
Wallis test assuming non-gaussian distribution. b Primary FACS plots from representative cell lines of the various tumor entities. Plotted is the size
of the cells (forward scatter, FSC) vs. the relative fluorescence expression of the respective cell surface marker (PE, mean fluorescence intensity, MFI).
Note that no representative FACS plots are shown for ovarian cancer (OV), breast cancer (BR), prostate cancer (PR) and lung cancer (LC) because
these cancer entities did not form clusters based on flow cytometric receptor expression (compare Fig. 2)

Receptor expression of kidney cancer subtypes

by functional proteomics

Reverse Phase Protein Array (RPPA) data of the “The
Cancer Proteome Atlas” (TCPA, https://tcpaportal.org/
tcpa/, [36]) was assessed in order to explore the EGFR
functional proteomics landscape of all renal cell can-
cer subtypes evaluated in this portal: These are “Kidney
Chromophobe” (KICH, n=63), “Kidney renal clear cell
carcinoma” (KIRC, n=445), and “Kidney renal papillary
cell carcinoma” (KIRP, n=208). Since CD106 (VACM1)
and EGFR seemed to be promising targets based on our
previous analysis we checked the dataset for these two

markers. No data for VCAM1 was found. For EGFR,
KICH and KIRP were compared against KIRC, since
KIRC is the most frequent renal cancer subtype. Both
comparisons revealed a significant difference when com-
paring the expression levels of EGFR (Table 3).

This result is in slight contrast to HPA (Fig. 5), by
which we did not find kidney cancer subtype specific
differences in EGFR expression (Fig. 5). This is most
likely due to the much smaller sample size in HPA with
only nine non-clear cell renal cell carcinoma. More
importantly, the TCPA analysis provides an independ-
ent confirmation of the high expression of EGFR in


https://tcpaportal.org/tcpa/
https://tcpaportal.org/tcpa/

Heumos et al. Cancer Cell International (2022) 22:311 Page 10 of 14
a € 97 01420
0.04451 0.1319 2
VCAM1 — — —
. ooo0 6 — FYYTY
o m .
of D_f .
T ﬁ g T 0 %l g
s = s 5 5 .
normal € § £ § £ §
— IRSO —— g - g - g =
CAB000154 HPAO034796
d 0.1780  0.0140 0.0027 00022 f 0.0030
EGFR 1 1 l 9- 1
0.2060 a 6 —
) . %)
. 14 ~
° ﬂ IF |_I—‘
normal L[?rjz =T I]L T Orﬁ;
—_ IRS 2 EE E£E8& E8& Eg E¢8 -
c 2 c 2 c 2 c 2 c 2 ] =
[ = = = c [ =
HPA001200 HPA018530 CAB068186
CAB073534 CAB000035
Fig.5 Expression of VCAM1 and EGFR in healthy vs. tumor tissue based on HPA data. a Representative tissue cores from the HPA showing
immunohistochemistry (IHC) staining for VCAM1. Left core, normal kidney; right core, renal cancer. b, ¢ Summarized data for immunoreactive scores
(IRS) for normal (pooled n=6) and tumor kidney (pooled n=23) from two antibodies shown separately (b) and pooled (c). d Representative tissue
cores from the HPA showing IHC staining for EGFR. Left core, normal kidney; right core, renal cancer. e, f Summarized data for IRS for normal (pooled
n=12) and tumor kidney (pooled n=44) from five antibodies shown separately (e) and pooled (f). In f, antibody CAB068186 which showed
opposite results was not included. Scale bars, 200 um

renal cell cancer and further indicates that EGFR could
be a subtype specific biomarker for kidney cancer.

Discussion

By employing a comprehensive flow cytometric screen
and combined multiomics analyses (integrating previ-
ously defined Tx and Px datasets), we identified novel
specific cell surface expression patterns in five of the
nine cancer entities represented by the NCI-60 tumor
cell panel.

In the first instance, these receptors do not repre-
sent tumor biomarkers, as their identification is based
on comparisons within the NCI-60 tumor cell panel.
However, by subsequent cross-analysis with the TCGA
recount2 RNAseq data, which also comprises healthy

Table 3 Kidney cancer (RE) subtype specific expression analysis
of EGFR via functional proteomics (TCPA)

Comparison Expression A Expression B pvalue
KIRC vs. KICH 0.74176 0.32398 1.2851e—10
KIRC vs. KIRP 0.74176 0.21612 1.8623e—72

tissue for comparison [32], we could deconvolute our
data to identify tumor specific biomarkers for two
tumor entities, i.e., colon and renal cancer.

In theory, MCIA of the NCI-60 tumor cell panel with
Tx and Px data alone, followed by annotation of bio-
markers to their specific localization, also could have
enabled the identification of cell surface specific recep-
tor expression. However, implementation of the flow
cytometric screening data provides several advantages.
First, it is clear from the MCIA that integration of the
flow cytometric data critically expands the sample space
and strongly contributes to the overall variation (Fig. 3).
Second, by employing flow cytometry, which is an anti-
body-based detection method, we already pre-screen
for surface markers that can be detected and targeted
by antibodies, anticipating a subsequent exploitation of
these receptors for both diagnostic and immunothera-
peutic (i.e., theranostic) applications. On the other hand,
combining flow cytometry with the already available Tx
and Px data by MCIA strongly enhanced confidence in
our hits.

The initial MCIA revealed specific cell surface markers
allowing to discriminate colon cancer (CO), melanoma
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(ME), renal cancer (RE), cancer of the central nervous
system (CNS) and leukemia (LE) cancer cell lines from
all other cell lines within the NCI-60 tumor cell panel
(Table 1). On the other hand, for the other four cancer
entities, i.e., lung cancer (LC), breast cancer (BR), ovarian
cancer (OV) and prostate cancer (PR) we failed to anno-
tate a specific cell surface marker expression pattern,
which might be due to the large heterogeneity of these
tumor types.

We were surprised about our difficulties in find-
ing accessible and reliable data to compare our MCIA
derived potential tumor biomarkers with healthy tissue.
Only for healthy colon and renal tissue we succeeded
to extract healthy tissue RNAseq count data from the
recount2 data base, allowing to cross-validate our can-
cer cell line-derived markers for differential expression
between malignant and healthy tissue. Direct investi-
gation of the TCGA portal revealed that healthy tissue
RNAseq count data for skin, bone marrow, and lymph
nodes is missing. Hence, further work to obtain omics
data from healthy tissues in case of melanoma (ME), can-
cer of the central nervous system (CNS) and leukemia
(LE) is warranted to obtain tumor markers for the latter
tissues, too.

Ultimately, based on our MCIA, we identified CD15,
CD104 (Integrin-p4), CD324 (E-cadherin), CD326
(EpCAM), and CD49f as biomarkers for colon cancer and
CD24, CD26 (DPP4), CD106 (VCAM1), TIM-1, SSEA-3
(B3GALTS5), SSEA-4 (TMCC1), TRA-1-60-R (PODXL)
and EGEFR for renal cancer. Of note, the colon cancer bio-
markers identified by our approach have been proposed
as potential tumor markers in colorectal cancer before
[37-43]. These findings raise confidence in our data and
independently confirm the stringency in our experimen-
tal screening and MCIA on the one hand, but also suggest
following up on these receptors as structures for tumor-
targeted immunotherapy. Similarly, for renal cancer,
EGEFR and TIM-1 are established tumor biomarkers for
which immunotherapy has been proposed [44—46] and a
phase I clinical trial with the goal to treat renal cell car-
cinoma with a TIM-1 targeting antibody indicated effi-
cacy with manageable adverse effects [47]. Beyond that,
CD24 was also proposed as a renal cancer biomarker
[48, 49] and is discussed as a “hot candidate” for targeted
immunotherapy, as it emerged as a novel “don’t eat me”-
signal that is expressed on various tumors and prevents
their phagocytosis by macrophages [50, 51]. The role of
CD26 is less explored in renal cancer even though it is
suggested as a target for immunotherapy in the context
of other cancer entities including the generation of CD26
directed CAR-T cells [52—56]. There is less experimental
evidence establishing the other receptors identified by us
as renal cancer-specific biomarkers. SSEA-3 and SSEA-4
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as well as TRA-1-60-R are described as stem cell mark-
ers with some associations to renal cancer, that might be
linked with aggressive tumor progression in vivo [57-61].

Likewise, CD106 (VCAMI) might be an interesting
and potential novel cell surface biomarker as well as an
attractive target for immunotherapy in the context of
renal cancer. Currently, the role of VCAMLI in renal can-
cer is less explored, with data pointing towards protec-
tive roles in this cancer entity [62], as well as a potential
involvement of VCAMI1 in tumor immune evasion [63].
Furthermore, VCAM1 plays an important role in anti-
tumor T cell responses and T cell infiltration into tumors
[64, 65]. For VCAM]1, EGFR and CD24 our findings were
validated with healthy and tumor tissue data obtained
from the Human Protein Atlas. This set of data provides
further independent indications that VCAM]1, EGFR and
CD24 are highly expressed in renal cancers and that their
high expression is a poor prognostic marker for survival
[49, 66]. Given that EGFR and CD24 are already proposed
and in the process of being therapeutically exploited, we
now propose VCAM1 as a novel biomarker and target for
cancer-specific stratified immunotherapy.

Furthermore, “The Cancer Proteome Atlas” resource
enabled us to investigate kidney cancer subtype specific
expression of EGFR, indicating that this receptor is a spe-
cific biomarker for clear cell renal cell carcinoma.

Conclusion

Altogether, our work adds a comprehensive panel of
potential surface accessible cancer biomarkers which
need to be further characterized by mining of databases
and being evaluated in primary patient tumor tissue
and healthy control tissues. Thus, our distinct approach
demonstrates the power of open data integration and
open science for fundamental and translational research.
Furthermore, efforts to develop immunotherapeutic
approaches utilizing these biomarkers, as for instance
CAR T cells and bispecific antibodies for specific and
direct elimination of these tumors are highly important
and warranted.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512935-022-02710-y.

Additional file 1: Figure S1. Boxplot showing MFIs of all Isotype antibody
controls.

Additional file 2: Figure S2. Boxplot showing MFIs of all mouse Isotype
antibody controls.

Additional file 3: Figure S3. Boxplot showing MFIs of all rat Isotype
antibody controls.

Additional file 4: Figure S4. Boxplot showing MFIs of AHIgGITCL Isotype
antibody controls.



https://doi.org/10.1186/s12935-022-02710-y
https://doi.org/10.1186/s12935-022-02710-y

Heumos et al. Cancer Cell International (2022) 22:311

Additional file 5: Figure S5. Boxplot showing MFIs of all Mouse antibod-
ies without Mouse IgG3 antibodies.

Additional file 6: Figure S6. Boxplot showing MFIs of Mouse IgG3
antibodies only.

Additional file 7: Dataset S1. Correlation antibody staining, dataset
showing the correlation in antibody staining from two different biological
replicates in 2 subsequent weeks.

Additional file 8: Dataset S2. Dataset including all mean fluorescence
intensity values (MFIs] from all FACS screens done with the NCI-60 panel.

Additional file 9: Table S1. Table summarizing the results of the HPA
analysis related to the biomarkers identified for renal cancer.

Additional file 10: Dataset S3. Dataset summarizing the analysis of the
Recount2 RNAseq data analysis for differential RNA levels in healthy versus
tumor colon tissue.

Additional file 11: Dataset S4. Dataset summarizing the analysis of the
Recount2 RNAseq data analysis for differential RNA levels in healthy versus
tumor renal tissue.

Additional file 12: Figure S7. This figure shows the results of the analysis
of biomarker expression in normal and tumor kidney by immunohisto-
chemistry based on HPA data.

Acknowledgements

We thank Stefan Czemmel from QBIC for helpful discussions regarding the
data curation and MCIA analysis and Daniel Sauter (Institute for Medical
Virology, University Hospital Tibingen) for critical reading of the manuscript,
feedback and valuable comments.

Author contributions

SH did data curation and quality control, performed the MCIA with support
from MCC and SN and did the RNAseq analysis and TCPA data exploration; SD
cultured the NCI-60 panel and analyzed all cell lines by flow cytometry, and
well assisted in data analyses; KB and CMS analyzed the HPA data; UML pro-
vided resources and assisted in data interpretation; SN provided infrastructure
and assisted in data interpretation and analyses; MS planned, designed and
supervised the overall study, provided resources, analyzed data and wrote the
manuscript. All authors edited the manuscript draft together to its final form.
All authors read and approved the final manuscript.

Funding

Open Access funding enabled and organized by Projekt DEAL. This work was
in part funded by basic research support given from the University Hospital
Tubingen, Medical Faculty. SH acknowledges funding from the Central Innova-
tion Programm (ZIM) for SMEs of the Federal Ministry for Economic Affairs and
Energy of Germany. SN acknowledges Germany’s Excellence Strategy (iFIT)

- EXC 2180-390900677.

Availability of data and materials

All data generated and analyzed during this study are included in this pub-
lished manuscript. The analysis scripts are available at https://github.com/
gbicsoftware/QMSFC.

Declarations

Ethics approval and consent to participate

For this study no ethics approval was necessary as the experiments are based
upon the NCI-60 tumor cell panel. No primary human patient material was
used and no animal experiments were conducted.

Consent for publication
All authors gave their consent to publish, All authors read and approved the
final manuscript.

Competing interests
The authors declare that they have no competing interests.

Page 12 of 14

Author details

'Quantitative Biology Center (QBIC), University of Tubingen, 72076 Tubingen,
Germany. *Biomedical Data Science, Dept. of Computer Science, Univer-

sity of Tubingen, 72076 Tubingen, Germany. Institute for Medical Virology
and Epidemiology of Viral Diseases, University Hospital Tibingen, Tibingen,
Germany. “Institute of Pathology, University of Bern, 3008 Bern, Switzerland.
°Department of Pathology and Neuropathology, University Hospital and Com-
prehensive Cancer Center Tiibingen, Tiibingen, Germany. ®Department

of Internal Medicine VIII, Medical Oncology and Pneumology, Virotherapy
Center Tubingen (VCT), Medical University Hospital Tibingen, 72076 Tubin-
gen, Germany. ’German Cancer Consortium (DKTK), German Cancer Research
Center (DKF2), Partner Site Tibingen, 72076 Tubingen, Germany.

Received: 25 July 2022 Accepted: 30 August 2022
Published online: 11 October 2022

References

1. Ribas A, Wolchok JD. Cancer immunotherapy using checkpoint blockade.
Science. 2018;359(6382):1350-5.

2. Marin-Acevedo JA, Kimbrough EOQ, Lou Y. Next generation of immune
checkpoint inhibitors and beyond. J Hematol Oncol. 2021;14(1):45.

3. Shimasaki N, Jain A, Campana D. NK cells for cancer immunotherapy. Nat
Rev Drug Discov. 2020;19(3):200-18.

4. Jiang Z,Sun H, Yu J, Tian W, Song Y. Targeting CD47 for cancer immuno-
therapy. J Hematol Oncol. 2021;14(1):180.

5. Kennedy LB, Salama AKS. A review of cancer immunotherapy toxicity. CA
Cancer J Clin. 2020;70(2):86-104.

6. LekoV, Rosenberg SA. Identifying and targeting human tumor anti-
gens for T cell-based immunotherapy of solid tumors. Cancer Cell.
2020,38(4):454-72.

7. Sun Q, Melino G, Amelio |, Jiang J, Wang Y, Shi Y. Recent advances in
cancer immunotherapy. Discov Oncol. 2021;12(1):27.

8. Yeo D, Giardina C, Saxena P, Rasko JEJ. The next wave of cellular immuno-
therapies in pancreatic cancer. Mol Ther Oncolytics. 2022;24:561-76.

9. Chabner BA. NCI-60 cell line screening: a radical departure in its time. J
Natl Cancer Inst. 2016. https://doi.org/10.1093/jnci/djv388.

10. Abaan OD, Polley EC, Davis SR, Zhu YJ, Bilke S, Walker RL, Pineda M, Gindin
Y, Jiang Y, Reinhold WG, et al. The exomes of the NCI-60 panel: a genomic
resource for cancer biology and systems pharmacology. Cancer Res.
2013;73(14):4372-82.

11. Monks A, ZhaoY, Hose C, Hamed H, Krushkal J, Fang J, Sonkin D,
Palmisano A, Polley EC, Fogli LK, et al. The NCl transcriptional pharmaco-
dynamics workbench: a tool to examine dynamic expression profil-
ing of therapeutic response in the NCI-60 cell line panel. Cancer Res.
2018;78(24):6807-17.

12. Reinhold WC, Sunshine M, Varma S, Doroshow JH, Pommier Y. Using
CellMiner 1.6 for systems pharmacology and genomic analysis of the NCI-
60. Clin Cancer Res. 2015;21(17):3841-52.

13. Scherf U, Ross DT, Waltham M, Smith LH, Lee JK, Tanabe L, Kohn KW, Rein-
hold WC, Myers TG, Andrews DT, et al. A gene expression database for the
molecular pharmacology of cancer. Nat Genet. 2000;24(3):236-44.

14. Gholami AM, Hahne H, Wu Z, Auer FJ, Meng C, Wilhelm M, Kuster
B. Global proteome analysis of the NCI-60 cell line panel. Cell Rep.
2013;4(3):609-20.

15. Graessel A, Hauck SM, von Toerne C, Kloppmann E, Goldberg T, Kop-
pensteiner H, Schindler M, Knapp B, Krause L, Dietz K, et al. A Com-
bined omics approach to generate the surface atlas of human Naive
CD4+ T cells during early T-cell receptor activation. Mol Cell Proteom.
2015;14(8):2085-102.

16. Businger R, Kivimaki S, Simeonov S, Vavouras Syrigos G, Pohlmann J, Bolz
M, Muller P, Codrea MC, Templin C, Messerle M, et al. Comprehensive
analysis of human cytomegalovirus- and HIV-mediated plasma mem-
brane remodeling in macrophages. mBio. 2021;12(4):e0177021.

17. Team RC. R: a language and environment for statistical computing. R
Foundation for Statistical Computing; 2021. https://www.R-project.org/.

18. Documentation A. Anaconda software distribution. In: 2-2.4.0 edn: Ana-
conda Inc,; 2020.

19. Meng C, Kuster B, Culhane AC, Gholami AM. A multivariate approach to
the integration of multi-omics datasets. BMC Bioinform. 2014;15:162.


https://github.com/qbicsoftware/QMSFC
https://github.com/qbicsoftware/QMSFC
https://doi.org/10.1093/jnci/djv388
https://www.R-project.org/

Heumos et al. Cancer Cell International

20.

21

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

(2022) 22:311

Prasad VWV, Gopalan RO. Continued use of MDA-MB-435, a melanoma cell
line, as a model for human breast cancer, even in year, 2014. NPJ Breast
Cancer. 2015;1:15002.

Ke W, Yu P Wang J, Wang R, Guo C, Zhou L, Li C, Li K. MCF-7/ADR cells
(re-designated NCI/ADR-RES) are not derived from MCF-7 breast cancer
cells: a loss for breast cancer multidrug-resistant research. Med Oncol.
2011,28(Suppl 1):135-41.

Irizarry RA, Hobbs B, Collin F, Beazer-Barclay YD, Antonellis KJ, Scherf U,
Speed TP. Exploration, normalization, and summaries of high density
oligonucleotide array probe level data. Biostatistics. 2003;4(2):249-64.
Pfister TD, Reinhold WC, Agama K, Gupta S, Khin SA, Kinders RJ, Parch-
ment RE, Tomaszewski JE, Doroshow JH, Pommier Y. Topoisomerase |
levels in the NCI-60 cancer cell line panel determined by validated ELISA
and microarray analysis and correlation with indenoisoquinoline sensitiv-
ity. Mol Cancer Ther. 2009;8(7):1878-84.

Giovinazzi S, Sirleto P, Aksenova V, Morozov VM, Zori R, Reinhold WC, Ishov
AM. Usp7 protects genomic stability by regulating Bub3. Oncotarget.
2014;5(11):3728-42.

Kohn KW, Zeeberg BM, Reinhold WC, Pommier Y. Gene expression corre-
lations in human cancer cell lines define molecular interaction networks
for epithelial phenotype. PLoS ONE. 2014;9(6):€99269.

Reinhold WC, Varma S, Sunshine M, Rajapakse V, Luna A, Kohn KW, Ste-
venson H, Wang Y, Heyn H, Nogales V, et al. The NCI-60 methylome and its
integration into CellMiner. Cancer Res. 2017;77(3):601-12.
Barrett T, Troup DB, Wilhite SE, Ledoux P, Rudnev D, Evangelista C, Kim

IF, Soboleva A, Tomashevsky M, Marshall KA, et al. NCBI GEQ: archive

for high-throughput functional genomic data. Nucleic Acids Res.
2009;37(Database issue):D885-90.

Smedley D, Haider S, Ballester B, Holland R, London D, Thorisson G, Kaspr-
zyk A. BioMart—biological queries made easy. BMC Genom. 2009;10:22.
Cox J, Mann M. MaxQuant enables high peptide identification rates,
individualized ppb-range mass accuracies and proteome-wide protein
quantification. Nat Biotechnol. 2008;26(12):1367-72.

Perez-Riverol Y, Csordas A, Bai J, Bernal-Llinares M, Hewapathirana S,
Kundu DJ, Inuganti A, Griss J, Mayer G, Eisenacher M, et al. The PRIDE
database and related tools and resources in 2019: improving support for
quantification data. Nucleic Acids Res. 2019;47(D1):D442-50.

Dodge Y. Spearman rank correlation coefficient. In: The concise encyclo-
pedia of statistics. New York: Springer; 2008. p. 502-5.

Collado-Torres L, Nellore A, Kammers K, Ellis SE, Taub MA, Hansen KD, Jaffe
AE, Langmead B, Leek JT. Reproducible RNA-seq analysis using recount.
Nat Biotechnol. 2017;35(4):319-21.

Love MI, Huber W, Anders S. Moderated estimation of fold change and
dispersion for RNA-seq data with DESeq2. Genome Biol. 2014;15(12):550.
Uhlen M, Oksvold P, Fagerberg L, Lundberg E, Jonasson K, Forsberg M,
Zwahlen M, Kampf C, Wester K, Hober S, et al. Towards a knowledge-
based Human Protein Atlas. Nat Biotechnol. 2010;28(12):1248-50.
Fedchenko N, Reifenrath J. Different approaches for interpretation and
reporting of immunohistochemistry analysis results in the bone tissue—
a review. Diagn Pathol. 2014;9:221.

LiJ, LuY, Akbani R, Ju Z, Roebuck PL, Liu W, Yang JY, Broom BM, Verhaak
RG, Kane DW, et al. TCPA: a resource for cancer functional proteomics
data. Nat Methods. 2013;10(11):1046-7.

Giordano G, Febbraro A, Tomaselli E, Sarnicola ML, Parcesepe P, Parente
D, Forte N, Fabozzi A, Remo A, Bonetti A, et al. Cancer-related CD15/FUT4
overexpression decreases benefit to agents targeting EGFR or VEGF act-
ing as a novel RAF-MEK-ERK kinase downstream regulator in metastatic
colorectal cancer. J Exp Clin Cancer Res. 2015;34:108.

Carlsen L, Huntington KE, El-Deiry WS. Immunotherapy for colorec-

tal cancer: mechanisms and predictive biomarkers. Cancers (Basel).
2022;14(4):1028.

Jang TJ, Park JB, Lee JI. The expression of CD10 and CD15 Is Progres-
sively increased during colorectal cancer development. Korean J Pathol.
2013;47(4):340-7.

Li M, Jiang X, Wang G, Zhai C, Liu Y, Li H, Zhang Y, Yu W, Zhao Z. ITGB4 is a
novel prognostic factor in colon cancer. J Cancer. 2019;10(21):5223-33.
Chen GT, Waterman ML. Cancer: leaping the E-cadherin hurdle. EMBO J.
2015;34(18):2307-9.

Guo L, Fu J,Sun S, Zhu M, Zhang L, Niu H, Chen Z, Zhang Y, Guo L, Wang
S. MicroRNA-143-3p inhibits colorectal cancer metastases by targeting
ITGA6 and ASAP3. Cancer Sci. 2019;110(2):805-16.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

Page 13 of 14

Haraguchi N, Ishii H, Mimori K, Ohta K, Uemura M, Nishimura J, Hata

T, Takemasa |, Mizushima T, Yamamoto H, et al. CD49f-positive cell
population efficiently enriches colon cancer-initiating cells. Int J Oncol.
2013;43(2):425-30.

Ciardiello F, Caputo R, Bianco R, Damiano V, Pomatico G, Pepe S, Bianco
AR, Agrawal S, Mendelsohn J, Tortora G. Cooperative inhibition of renal
cancer growth by anti-epidermal growth factor receptor antibody

and protein kinase A antisense oligonucleotide. J Natl Cancer Inst.
1998;90(14):1087-94.

Zhang Q, Tian K, Xu J, Zhang H, Li L, Fu Q, Chai D, Li H, Zheng J. Synergistic
effects of cabozantinib and EGFR-specific CAR-NK-92 cells in renal cell
carcinoma. J Immunol Res. 2017;2017:6915912.

Thomas LJ, Vitale L, O'Neill T, Dolnick RY, Wallace PK, Minderman H,
Gergel LE, Forsberg EM, Boyer JM, Storey JR, et al. Development of a
novel antibody-drug conjugate for the potential treatment of ovar-

ian, lung, and renal cell carcinoma expressing TIM-1. Mol Cancer Ther.
2016;15(12):2946-54.

McGregor BA, Gordon M, Flippot R, Agarwal N, George S, Quinn DI,
Rogalski M, Hawthorne T, Keler T, Choueiri TK. Safety and efficacy of
CDX-014, an antibody-drug conjugate directed against T cell immuno-
globulin mucin-1in advanced renal cell carcinoma. Invest New Drugs.
2020;38(6):1807-14.

Lee HJ, Kim DI, Kwak C, Ku JH, Moon KC. Expression of CD24 in clear
cell renal cell carcinoma and its prognostic significance. Urology.
2008;72(3):603-7.

Arik D, Can C, Dundar E, Kabukcuoglu S, Pasaoglu O. Prognostic sig-
nificance of CD24 in clear cell renal cell carcinoma. Pathol Oncol Res.
2017,23(2):409-16.

Altevogt P, Sammar M, Huser L, Kristiansen G. Novel insights

into the function of CD24: a driving force in cancer. Int J Cancer.
2021;148(3):546-59.

Barkal AA, Brewer RE, Markovic M, Kowarsky M, Barkal SA, Zaro BW,
Krishnan V, Hatakeyama J, Dorigo O, Barkal LJ, et al. CD24 signalling
through macrophage Siglec-10 is a target for cancer immunotherapy.
Nature. 2019,572(7769):392-6.

Enz N, Vliegen G, De Meester |, Jungraithmayr W. CD26/DPP4—a
potential biomarker and target for cancer therapy. Pharmacol Ther.
2019;198:135-59.

Inamoto T, Yamochi T, Ohnuma K, Iwata S, Kina S, Inamoto S, Tachibana
M, Katsuoka Y, Dang NH, Morimoto C. Anti-CD26 monoclonal antibody-
mediated G1-S arrest of human renal clear cell carcinoma Caki-2 is
associated with retinoblastoma substrate dephosphorylation, cyclin-
dependent kinase 2 reduction, p27(kip1) enhancement, and disruption
of binding to the extracellular matrix. Clin Cancer Res. 2006;12(11 Pt
1):3470-7.

Nishida H, Hayashi M, Morimoto C, Sakamoto M, Yamada T. CD26 is a
potential therapeutic target by humanized monoclonal antibody for the
treatment of multiple myeloma. Blood Cancer J. 2018;8(11):99.

Varona A, Blanco L, Perez |, Gil J, Irazusta J, Lopez JI, Candenas ML, Pinto
FM, Larrinaga G. Expression and activity profiles of DPP IV/CD26 and NEP/
CD10 glycoproteins in the human renal cancer are tumor-type depend-
ent. BMC Cancer. 2010;10:193.

Zhou S, LiW, Xiao Y, Zhu X, Zhong Z, Li Q, Cheng F, Zou P, You Y, Zhu X.
A novel chimeric antigen receptor redirecting T-cell specificity towards
CD26(+) cancer cells. Leukemia. 2021;35(1):119-29.

Lou YW, Wang PY, Yeh SC, Chuang PK, Li ST, Wu CY, Khoo KH, Hsiao M,
Hsu TL, Wong CH. Stage-specific embryonic antigen-4 as a potential
therapeutic target in glioblastoma multiforme and other cancers. Proc
Natl Acad Sci USA. 2014;111(7):2482-7.

Saito S, Aoki H, Ito A, Ueno S, Wada T, Mitsuzuka K, Satoh M, Arai Y, Miyagi
T.Human alpha2,3-sialyltransferase (ST3Gal Il) is a stage-specific embry-
onic antigen-4 synthase. J Biol Chem. 2003;278(29):26474-9.

Maruyama R, Saito S, Bilim V, Hara N, Itoi T, Yamana K, Nishiyama T, Arai
Y, Takahashi K, Tomita Y. High incidence of GaINAc disialosyl lacto-
tetraosylceramide in metastatic renal cell carcinoma. Anticancer Res.
2007,27(6C):4345-50.

Yoon JY, Gedye C, Paterson J, Ailles L. Stem/progenitor cell marker expres-
sion in clear cell renal cell carcinoma: a potential relationship with the
immune microenvironment to be explored. BMC Cancer. 2020;20(1):272.
Fiedorowicz M, Khan M, Strzemecki D, Orzel J, Welniak-

Kaminska M, Sobiborowicz A, Wieteska M, Rogulski Z, Cheda L,



Heumos et al. Cancer Cell International ~ (2022) 22:311 Page 14 of 14

Wargocka-Matuszewska W, et al. Renal carcinoma CD105—/CD44— cells
display stem-like properties in vitro and form aggressive tumors in vivo.
Sci Rep. 2020;10(1):5379.

62. Shioi K, Komiya A, Hattori K, Huang Y, Sano F, Murakami T, Nakaigawa N,
Kishida T, Kubota Y, Nagashima Y, et al. Vascular cell adhesion molecule
1 predicts cancer-free survival in clear cell renal carcinoma patients. Clin
Cancer Res. 2006;12(24):7339-46.

63. WuTC. The role of vascular cell adhesion molecule-1 in tumor immune
evasion. Cancer Res. 2007;:67(13):6003-6.

64. Riegler J, Gill H, Ogasawara A, Hedehus M, Javinal V, Oeh J, Ferl GZ, Marik
J, Williams S, Sampath D, et al. VCAM-1 density and tumor perfusion
predict T-cell infiltration and treatment response in preclinical models.
Neoplasia. 2019;21(10):1036-50.

65. Nakajima K, InoY, Yamazaki-Itoh R, Naito C, Shimasaki M, Takahashi M,
Esaki M, Nara S, Kishi 'Y, Shimada K, et al. IAP inhibitor, embelin increases
VCAM-1 levels on the endothelium, producing lymphocytic infiltration
and antitumor immunity. Oncoimmunology. 2020;9(1):1838812.

66. Wang S, Yu ZH, Chai KQ. Identification of EGFR as a novel key gene in
clear cell renal cell carcinoma (ccRCC) through bioinformatics analysis
and meta-analysis. Biomed Res Int. 2019;2019:6480865.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC




	Multiomics surface receptor profiling of the NCI-60 tumor cell panel uncovers novel theranostics for cancer immunotherapy
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Background
	Methods
	Cell culture
	Flow cytometric cell surface receptor screening
	General data curation and quality control
	Flow cytometry data curation
	Microarray data curation
	Proteome data curation
	Hierarchical clustering
	MCIA
	RNAseq data analysis
	Human Protein Atlas data analysis
	The Cancer Proteome Atlas analysis

	Results
	Cell surface receptor expression of the NCI-60 tumor cell panel
	Multiomics analyses integrates flow cytometric data, proteomics and transcriptomics
	Identification of tumor biomarkers by integration of MCIA into recount2 RNA-seq data
	Immunohistochemical analysis and validation of kidney tumor biomarkers using the human protein atlas
	Receptor expression of kidney cancer subtypes by functional proteomics

	Discussion
	Conclusion
	Acknowledgements
	References




