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Abstract – Digital spatial proﬁling (DSP) is an emerging powerful technology for proteomics and transcriptomics
analyses in a spatially resolved manner for formalin-ﬁxed parafﬁn-embedded (FFPE) samples developed by nanoString
Technologies. DSP applies several advanced technologies, including high-throughput readout technologies (digital
optical barcodes by nCounter instruments or next generation sequencing (NGS)), programmable digital micromirror
device (DMD) technology, and microﬂuidic sampling technologies into traditional immunohistochemistry (IHC)
and RNA in situ hybridization (ISH) approaches, creating an innovative tool for discovery, translational research,
and clinical uses. Since its launch in 2019, DSP has been rapidly adopted, especially in immuno-oncology and tumor
microenvironment research areas, and has revealed valuable information that was inaccessible before. In this article, we
report the successful setup and validation of the ﬁrst DSP technology platform in China. Both DSP spatial protein and
RNA proﬁling approaches were validated using FFPE colorectal cancer tissues. Regions of interest (ROIs) were
selected in the areas enriched with tumor cells, stroma/immune cells, or normal epithelial cells, and multiplex spatial
proﬁling of both proteins and RNAs were performed. DSP spatial proﬁling data were processed and normalized
accordingly, validating the high quality and consistency of the data. Unsupervised hierarchical clustering as well as
principal component analysis (PCA) grouped tumor, stroma/immune cells, and normal epithelial cells into distinct
clusters, indicating that the DSP approach effectively captured the spatially resolved proteomics and transcriptomics
proﬁles of different compartments within the tumor microenvironment. In summary, the results conﬁrmed the expected
sensitivity and robustness of the DSP approach in proﬁling both proteins and RNAs in a spatially resolved manner.
As a novel technology in highly complex spatial analyses, DSP endows reﬁned analytical power from the tumor
microenvironment perspective with the potential of scaling up to more analyzable targets at relatively low cell input
levels. We expect that the DSP technology will greatly advance a wide range of biomedical research, especially in
immuno-oncology and tumor microenvironment research areas.
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Introduction
Since the paradigm shift to disentangle the underlying
mechanisms of oncogenesis from solely tumor-centric principles to a more conceivably dynamic interplay and crosstalk
involving normal and cancerous epithelial cells, ﬁbroblasts,
immune cells, and extracellular matrix (ECM) back in the
mid-1980s, cumulative works were in progress to underpin
the signiﬁcant roles of the tumor microenvironment (TME) in
localized neoplasm as well as a metastatic invasion [1]. Nowadays, research communities broadly appreciate that TME harbors complex populations of cell types distinctive from
*Corresponding author: zhiyong.ding@fynnbio.com

normal tissues. Dysfunction and reshaping of tumorsurrounding cell composition, networks, hypoxia, secretory
ﬂuids as well as extracellular pH all contribute to the formation
of TME [2, 3].
Therapeutic implications derived from or hinting at TME
related mechanisms have been brought to attention. Ample
amounts of data manifested reciprocal interactions between
TME and speciﬁc anticancer agents through direct intervention
or indirect bypass effects on different cells within the microenvironment. By large, TME causes resistance to drugs by
(1) inducing anti-apoptotic effects to compromise the efﬁcacy
of immunotherapies, (2) causing desmoplastic stroma which
hampers penetration of chemotherapeutic agents to actionable
sites, (3) prohibiting anticancer drug delivery through stalling
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blood supply, and (4) rendering constitutive activation of
survival signaling pathways [1, 4, 5]. On the other hand,
chemotherapy, radiotherapy, genotoxic agents, and anti-angiogenic drugs pose negative feedback effects on TME, many of
which include reprogramming of immune cells, ﬁbroblasts,
and interstitial humoral regulation, involving inﬂammatory
cytokines, tumor-initiating growth factors, and antibodies
[1, 6]. Therefore, it is not surprising from oncology perspectives
that targeting tumor-TME interactions has become a research
hotspot in the past 15 years and therapeutic interventions targeting tumorigenic TME have been extensively investigated. Early
phase discoveries predominantly focused on oncogenic and
angiogenic receptor tyrosine kinase (RTKs) such as epidermal
growth factor receptor (EGFR), vascular endothelial growth
factor receptor (VEGFR), and platelet-derived growth factor
receptor (PDGFR). Expression of these RTKs on designated
cells in regional and distal TME promotes tumor proliferation
and vasculogenesis, which further strengthens the concept of
mutual inﬂuence between evading cancer cells and surrounding
TME [7–9].
With rapid development and advances in immunooncology, the past 10 years also witnessed an unprecedented
magnitude in immunotherapies and combinational regimes
tailored to obtain durable patient responses in various clinical
studies. This in turn fundamentally redeﬁned our ability to ﬁght
cancer. Two well-deﬁned mainstream strategies to modulate
immune responses in the context of TME have brought signiﬁcant attention to date. Passive immunotherapy generally utilizes
extrinsically administrated agents such as antibodies, antibodydrug conjugates (ADCs), tumor-inﬁltrating lymphocytes
(TILs) or T cells subpopulations-based cell therapies (chimeric
antigen receptor T cells, CAR-T or T cell receptor
engineered T cells, TCR-T) to directly defeat cancer cells in a
target-speciﬁc manner. On the contrary, active immunotherapy
is designed to evoke endogenous immune activity via complex
mechanisms [10]. While CAR-T based adoptive T cell therapy
(ACT) is primarily designated to treat hematopoietic cancers
and has shown its efﬁcacy in some types of cancer such as
diffuse large B-cell lymphoma (Yescarta) and non-Hodgkin
lymphoma (Kymriah), it has not yet delivered largely convincing evidence for its applicability in patients with solid tumors
[11]. In parallel, seeking for high afﬁnity-enhanced, tumorreactive TCR-T while maintaining minimal levels of off-target
toxicity in solid tumors still proved to be challenging [11]. In
solid tumors, cancerous origins are often rooted in epithelial
cells instead of immune cells, therefore there is no compensatory
human immunoglobulin administration regime existing as is the
case in B cell lymphoma therapies, making the solid tumors hard
to manipulate. As a consequence, the lack of speciﬁcity is often
accompanied by off-target toxicity leading to an array of downstream effects on T-cells and natural killer cells and causing
cytokine release syndrome and other related immunopathogenic
effects [12]. By nature, solid tumors also have limited trafﬁcking
to facilitate the regional spread of those therapeutic agents,
which is even more important when treating metastatic cancer
or cancer with multiple lesions at different organ sites.
Moreover, histological heterogeneity and TME are key features
prohibitive for drugs to function. Known causations include

T cell exhaustion upon predisposition to stimulatory antigens
within conﬁned microenvironments, which leads to restrained
T cell activities and challenges in modulating common
targetable neoantigens in different subsets of patients [11, 13,
14]. As the opposite tactic, active immunotherapy adopts the
major conceptual dogma to generate controlled and normalized
immuno-active responses to circumvent undesirable immunogenic effects while maintaining expected on-target effects. This
“modiﬁed” immune enhancement strategy opened up a new
avenue to explore, especially with the successful underpinning
of immune checkpoint inhibitor anti-PD-1/PDL1 therapies in
an expended spectrum of late-stage malignancies. Many of those
are solid tumors such as advanced melanoma, metastatic nonsmall cell lung cancer (NSCLC), metastatic squamous-cell head
and neck carcinoma (HNSCC), hepatocellular carcinoma, renal
cell carcinoma as well as others [15–20]. The remarkable success of this controlled immune activation further speaks to the
profound but yet ill-deﬁned mechanisms at local TME. This
phenomenon was well supported by ample amount of evidence
indicating that only measuring tumor biomarkers much as
PD-L1 expression, tumor mutation burden (TMB), high
microsatellite instability or mismatch repair deﬁciency
(MSI-H)/dMMR) has limited predictive power to perfectly stratify patients [21–25].
Not until a few years ago did we realize that spatially deﬁned
phenotypic and molecular architectures may have eminent
potentials to classify solid tumors according to their distinct
characteristics. Three classes of TME outlined tumor types have
been depicted: (1) “inﬂamed” tumor bears highly inﬁltrated
immune cells and proinﬂammatory cytokines, (2) “immune
desert” tumor bears minimal effector immune cell inﬁltrates,
and (3) “immune excluded” tumor has immune cells present
in the stroma but not the tumor parenchyma [26]. In line with
this classiﬁcation, by incorporating the TME information, the
tumor immunity in the microenvironment (TIME) classiﬁcation
has been proposed. TIME emphasizes that resetting tumors into
a TILs and PD-L1 positive status within the TME is critical to
have pronounced immunogenic anti-tumor effects [27]. Those
ﬁndings, though preliminary, uncovered a novel landscape that
will set benchmarks for immune therapies in the future, and
henceforth a deeper understanding of the TME and tumor interactions will be needed. To deconvolute mechanisms such as
molecular causations of low TILs entry into tumor enriched
regions, types of driver TILs components or cell populations
to predict therapeutic responses and their underlying phenotypic
and molecular pathways, the complexity and heterogeneity at a
single tumor lesion within individual patients, as well as the
acquired optimal synergies of immunotherapies combined with
other conventional targeted therapies, radio(chemo)therapies,
cancer vaccines, and oncolytic virus, more advanced technologies and platforms built for TME speciﬁc applications are in
urgent demand [10, 28–30].
Tissue-based high-plex molecular proﬁling technologies
emerged as one of the most prominent and powerful tools for
TME based analysis due to their capacity to enable protein
and RNA proﬁling while keeping spatial information intact.
Traditional morphological driven low-to-medium plex protein
assays such as multiplex IHC and cyclic immunoﬂuorescence
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both rely on the cyclic collection of images and timeconsuming processes although their multiplexing capabilities
are limited to 30–60 targets per slide [31–33]. Mass spectrometry (MS) based methods such as imaging mass spectrometry
(IMS), though non-biased, require heavy instrumentation and
pre-digestion as well as sophisticated setups to obtain the
best spatial resolution down to 30 lm [34–36]. Metal-isotopelabeled MS methods such as mass spectrometry immunohistochemistry (MSIHC) and multiplex ion-beam imaging (MIBI)
also require expensive instrumentation and non-standardized
laboratory procedures, and the plexing potential is plagued
around 100 at maximum with semiquantitative measuring
capacity [35, 37, 38]. From gene expression perspectives, relatively low plex technologies like RNAscope has outstanding
sensitivity but cannot simultaneously proﬁle hundreds of thousands of genes. More advanced spatial transcriptome technologies such as high-deﬁnition spatial transcriptomics (HDST),
although capable of quantifying thousands of transcripts at even
a sub-cellular resolution (2 lm minimum at research level and
100 lm at a commercial level in practice), are generally incompatible with formalin-ﬁxed parafﬁn-embedded (FFPE) tissues,
which are the most broadly available tissue type in clinical settings, and have expensive reagent costs that hamper general
access for research purposes [39–41].
Digital spatial proﬁling (DSP) is a novel method for
medium-to-high plex spatial proﬁling of proteins and RNAs
compatible with FFPE samples [42]. It is developed by nanoString technologies, Seattle, WA, to empower quantiﬁcation
of proteins and RNAs under the same experimental setup,
which is rather simpliﬁed with outstanding precision due to
its bona ﬁde molecular barcode counting technology proprietarily designed [43, 44]. One superior advantage of DSP over
other technologies in the same category is the capacity to compartmentalize user-deﬁned region of interests (ROIs) in spatialdirected patterns using multiple ﬂuorescence labeling and in the
meantime enabling more than 100-plex protein and 1,800-plex
RNA analysis [42, 45, 46]. Using this technology, Dimm’s
group proved its robustness by comparing it with quantitative
immunoﬂuorescence (QIF) and by proﬁling 44 immune markers in pure compartments consisting of macrophage, leukocyte,
and tumor respectively in a melanoma TMA cohort receiving
checkpoint inhibitor therapies. They found the PD-L1 expression in the macrophage could potentially serve as a sole predictive biomarker for progression-free survival PFS, overall
survival OS, and response [47]. Similarly in NSCLC patient
cohorts, by pre-deﬁned compartmentalization, they also identiﬁed a group of biomarkers that potentially play signiﬁcant prognostic roles [48]. Moreover, two studies also used DSP to probe
the spatially guided expression patterns of B lymphocytes
within the tertiary lymphoid structures (TLSs) in the TME that
are predictive of good patient responses. They found distinct B
cell subsets in TME deﬁned by higher proliferative capacity
with higher Ki67 and CD40 expression, whereas pre-ﬁltrating
T cell populations within tumor areas have higher expression
of TIM3, PD1, and GZMB indicative of poor response to
immunotherapies [49, 50]. These ﬁndings together strengthen
the necessity of incorporating spatial information with highplex expression proﬁling, a new territory that is unexplorable
using conventional methods, but one that will deepen our
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understanding of TME based research leading to the ultimate
improvement of immunotherapies.
Technical briefs of DSP

DSP combines conventional immunoﬂuorescence techniques with digital barcoded antibodies or oligonucleotides to
allow morphologically outlined and high-plex expression proﬁling. The experimental procedure starts with routine 5 lm FFPE
or fresh-frozen tissue sections mounted on charged slides. A
multi-color ﬂuorescence staining mixture (up to 4) with additional high-plex probe sets (oligo-conjugated antibodies or target speciﬁc oligos) designed to suit experimental needs either
for proteins or RNAs respectively is incubated with the slides
(similar to conventional immunoﬂuorescence or IHC). This
one-step incubation is then followed by high-resolution scanning using the DSP instrument to allow ultimate precision for
ROI selection. ROI selection accepts various user-deﬁned contours from circle to any polygon shapes. The collection of digital probes within ROIs is performed by a micro-sized
programmable digital micromirror device (DMD) which sheds
UV light on selected ROIs to release the photocleavable oligos.
Released oligo probes are aspirated via a capillary sipper
sequentially. The resultant single strand oligos are then hybridized to target speciﬁc ﬂuorescence reporter probes to enable
digital counting performed by the nanoString nCounter digital
barcode counting system, and the numerally transformed readings directly reﬂect the expression level of targets [44].
The schematic presentation of the DSP workﬂow is shown in
Figure 1. The accompanying video demonstrates a visual protocol of the DSP approach (Video 1).

Methods in brief
Validation of DSP performance with cell lines

Two high-density homogenous HEK293 cell microarray
slides obtained from nanoString were used to validate the
DSP approach at Mills Institute for Personalized Cancer Care
(MIPCC), Fynn Biotechnologies (FynnBio). The DSP core
protein module (Immune Cell Core Proﬁling) consisting of
20 speciﬁc antibodies for immune-related targets and a standard
morphology panel comprising Pan-Cytokeratin (Pan-CK,
marker for epithelium cells/tumor cells), CD45 (marker for
immune cells) and SYTO13 (nuclei) were used for the validation (for the full list of core protein targets and other details,
refer to nanoString websites https://www.nanostring.com).
Three circular ROIs on each slide spanning from the diameter
range of 200 lm, 400 lm, and 600 lm were selected respectively, and subject to downstream DSP processes.
Spatial profiling of protein and RNA of colorectal
cancer tissue using DSP

We used serial sections of a colorectal cancer FFPE tissue
mounted on slides to validate the spatial proﬁling of both
protein and RNA by the DSP approach. FFPE slides went
through conventional tissue pre-processing (deparafﬁnization
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Figure 1. Schematic diagram of DSP workﬂow. 1. FFPE tissue sections mounted on slides are processed by standard IHC procedure and
incubated with morphology marker reagents (ﬂuorescence-labeled antibodies or dyes) and a mix of oligo conjugated antibodies. 2. Highquality images up to four channels of ﬂuorescence are obtained. 3. ROIs are selected on the DSP instruments based on the morphological
ﬂuorescence marker. 4. Oligos in speciﬁc ROIs are released by UV light and collected by a microcapillary tube and dispensed into 96-well
plates for subsequent processing. This oligo release and collection cycle is repeated for each ROI. 5. Digital counting by nCounter instruments
to generate protein or RNA proﬁling data in a spatially resolved manner. Alternatively, highly multiplexed RNA proﬁling could be achieved
using speciﬁc sequence adaptors (Unique Dual Index UDI) to allow NGS readout.

Video 1. A visual protocol of the Digital Spatial Proﬁling (DSP)
Approach. https://vcm.edpsciences.org/10.1051/vcm/2020002#V1

and rehydration). For protein proﬁling, 20-plex immune cell
proﬁling core module plus 2 additional modules (IO Drug
Target and Immune Cell Typing), each containing about
10 targets were used. For RNA proﬁling, the immune pathways
module with a 96-plex RNA probe set was used. In both proﬁling approaches, we applied the same standard ﬂuorescencelabeled morphology marker panel consisting of Pan-CK for

epithelial and tumoral regions, CD45 for immune cells, and
nuclear stain SYTO13 for tri-colored tissue compartmentalization as ROI selection references. Twelve circular ROIs on each
slide were drawn and selected. For protein proﬁling, the areas of
selected ROIs were between 20,000 and 120,000 lm2. For RNA
proﬁling, due to the relatively low counts compared to proteins,
ROIs were selected between 38,000 and 380,000 lm2 to ensure
successful quality controls in data analysis. All oligos from
48 ROIs for protein proﬁling and 48 ROIs for RNA proﬁling
were collected into 96-well plates using the proprietary
UV-guided technology in the DSP approach. Resultant oligos
representing individual targets for individual ROIs were pooled
together by column, hybridized to the beads-on-string barcoded
counterpart oligos, and counted by nanoString nCounter.
Data processing and statistical analysis

Raw reporter code count (RCC) ﬁles generated by
nCounter were transformed into tabulated excel ﬁles with all
interpretable values presented for all ROIs. External RNA
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Figure 2. Validation of the DSP protein proﬁling workﬂow. (A) ROI selection of FFPE HEK293 cell pellet slides. Circular ROIs of three
different sizes (200 lm, 400 lm, or 600 lm in diameter) were selected on each slide, labeled as 001, 002, and 003, respectively. Cell nuclei
were stained by STYO13 (blue) and cells were stained by ﬂuorophore-labeled Pan-CK antibody (green). (B) Upper panel: Correlation of
nCounter counts (y-axis) and ROI area (x-axis). Lower panel: nCounter counts of Ki-67 and Beta-2 microglobulin from three ROIs of different
sizes normalized with housekeeping genes in duplicate slides (green and orange). (C) Volcano plot and box plots of individual proteins in
HEK293 cells from duplicate slides. LogFC > 1 and p-value < 0.05 are denoted as signiﬁcant. Data are FDR adjusted with blue and yellow
representing individual slides.

Controls Consortium (ERCC)) internal spike-in negative and
positive controls were used to assess data quality and the performance of each experiment. Based on the values of ERCC
normalization factors, a range between 0.3 and 3 for individual
ROIs was chosen to eliminate outliers that are incompatible for
downstream analysis. To ﬁlter out any skewness of the data,
minimum nuclei count of 20 and surface area of 1,600 lm2
were set for protein proﬁling and minimum nuclei count of
200 and surface area of 6,000 lm2 for RNA proﬁling. Data that
pass quality control (QC) were then normalized by the geometric mean of selected housekeeping gene expression counts.
UBB, RAB7A, OAZ1, POLR2A, and SDHA were used to
normalize nCounter counts for RNA proﬁling. S6, Histone
H3, and GAPDH were used to normalize for protein proﬁling.
Normalized data were then log-transformed and subject to
further analysis. For statistical analyses, paired t-tests (intraslide ROIs) and unpaired t-tests (inter-slide ROIs) were used
to test differential expression proﬁles. False discovery rate
(FDR) was adjusted using the Benjamini-Hochberg method

and all p values were set to 0.05 as the cutoff. For unsupervised
hierarchical clustering, log transformed data were median-centered before plotting. All unsupervised clustering and principal
component analysis (PCA), statistical calculations, and all
graphical presentations were conducted using R graphical user
interfaces (GUIs).

Results of DSP workflow validation
Two FFPE HEK293 cell pellet slides were used at MIPCC
to validate the DSP protein proﬁling workﬂow, with the core
protein module consisting of 20 antibodies, together with
IO Drug Target module and Immune Cell Typing module
(38 antibodies in total). The quantiﬁcation capability of the
approach was assessed by measuring the readouts generated
from three ROIs at different sizes (200 lm, 400 lm, and
600 lm in diameter) (Fig. 2A). For proteins with known expression in HEK293 cells, nCounter counts from ROIs with different
sizes showed a linear increase when plotted against the area of
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Figure 3. Validation of the DSP protein and RNA proﬁling approaches using colorectal cancer tissues. (A) ROI selection of normal, tumor,
and stromal cells on FFPE tissue slides. Morphology markers (SYTO13 for nuclei staining, blue; Pan-CK for tumor/ epithelial cells, green;
CD45 for immune cells, red) were used to guide 12 ROI selections of tumor, stroma, or normal epithelial cells enriched areas. Based on the
abundance of tumor-inﬁltrating lymphocytes (TILs), 2 stromal TILs low, 2 stroma TILs medium, and 2 stroma TILs high ROIs were selected.
Two sets of ROIs at the same locations were selected from 2 serial sections of the FFPE tissue for protein and RNA proﬁling, respectively.
(B) Unsupervised hierarchical clustering of 12 ROIs representing different histological regions (normal epithelial cells, tumor, and stroma)
based on 38-plex protein proﬁling. ROIs belonging to the same group are color-coded. (C) PCA clustering of different group assignments in
protein proﬁling. Groups represents ROIs from different histological regions. (D) Unsupervised hierarchical clustering of 12 ROIs representing
different histological regions (normal epithelial cells, tumor, and stroma) based on 78-plex RNA proﬁling. ROIs belonging to the same group
are color-coded. (E) PCA clustering of different group assignments in RNA proﬁling. Groups represent ROIs from different histological
regions.
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the ROIs. Two representative proteins (high and medium count
values), Ki-67 (Cor = 0.9771) and Beta-2 microglobulin
(Cor = 0.9737) are shown in Figure 2B. Upon housekeeping
gene normalization using S6, Histone H3, and GAPDH, the
size-oriented effects were removed allowing direct inter-ROI
comparison of protein expression, which in this case had no
statistically signiﬁcant difference as expected (Fig. 2B, lower
panel). On this basis, by pooling normalized counts from three
ROIs within each slide, no protein was differentially expressed
between the duplicated slides under log2 fold-change (Log
FC) > 1 and adjusted p-value < 0.05 as cutoffs (Fig. 2C). Taken
together, our data proved the reliability of the DSP technology
and ensured our follow-up studies on tissue-based assays.
Validation of DSP on colorectal cancer tissues

To gain further insight into the validity of DSP on tissuebased assays, we used two serial sections of a colorectal cancer
FFPE tissue to allow protein and RNA proﬁling in parallel to
directly compare expression at transcript and protein levels.
To generate biologically meaningful data, we selected 12 ROIs
on each slide at different histological regions according to
ﬂuorescence-guided staining and annotated as different groups
for clustering analysis. Representative scans and ROIs selected
are graphically demonstrated in Figure 3A. We ﬁrst carried
out ROI selection for RNA proﬁling and then cross-referenced
them to all ROIs for the protein proﬁling and this ensured a
direct in-situ comparison between RNA and protein expression
at this sub-histological level. For both protein and RNA proﬁling, unsupervised hierarchical clustering assigned tumor,
stroma, and normal epithelial cells into distinct groups.
(Figs. 3B and 3D). In addition, stroma ROIs with a different
abundance of tumor-inﬁltrating lymphocytes (TILs) were also
effectively clustered. These clearly deﬁned clusters were also
reﬂected by the PCA data with clearly separated tumoral and
stromal groups (Figs. 3C and 3E). Within the stroma compartment, as our ROI selection criteria were primarily based on
immune cell-enriched regions, our data demonstrated a great
concordance as indicated by high CD4, CD3, and CD8 expression at the protein level and CD4 and CD8A at the RNA level.
Again, higher Pan-Ck protein expressions were observed at both
tumor and normal epithelial regions whereas tumor regions
featured relatively higher Ki-67 and AKT indicating high proliferating potentials. Moreover, normal epithelial regions had
generally higher effective inﬁltrated immune cells as compared
to corresponding tumor regions as indicated by the expression of
Granzyme B and CD8 at the protein level (Fig. 3D). Those ﬁndings together reconﬁrmed the robustness of this assay.

Discussion
To validate the DSP technology platform, we performed
DSP spatial proﬁling for both protein and RNA using FFPE
colorectal cancer tissues mounted on slides. Regions of Interest
(ROIs) were selected in the areas enriched with tumor cells,
stroma/immune cells, or normal epithelial cells on serial
sections of the tissue to compare protein data with RNA data.
Currently, no parallel technology could facilitate proteogenomic
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characterization at this sub-histological resolution. The results
showed that the DSP spatial proﬁling data were of high quality
and consistent after standard normalization and process. Results
of further analyses including unsupervised hierarchical clustering and PCA demonstrated that ROIs from the tumor, stroma/
immune cells, and normal epithelial cells were grouped into
distinct clusters, indicating that the speciﬁc protein or RNA
expression information from different cellular contexts on the
slides was precisely captured. Though our demonstrative work
is simple, many other sophisticated approaches of DSP usage
have been demonstrated elsewhere [42, 51–53]. Several ROI
selection strategies are available to suit various research
needs such as global deep proﬁling for full tissue sections,
segmentation mode for precise analysis between tissue compartments, and rare cell proﬁling mode [42]. In our experience,
even at a low cell input level, DSP could still perform well but
our work is currently limited to cell line data with more to
elucidate at the tissue level and that could hopefully inform
us more on the technical robustness and multiplexing capacity
in the future. Our tissue work aimed to assess the reliability of
the assay and by proﬁling only 12 ROIs with very few replicates within each group, we were able to show the very clear
separation of predeﬁned groups (normal, tumor-enriched, and
immune-enriched regions) based on both transcript and protein
levels proving the assay reliability.
The latest development of DSP is to couple with NGS and
thus to expand the multiplexing capabilities for RNA proﬁling
[42]. Currently, commercially available detectable targets are
around 100 for proteins and 1,800 for RNAs covering
comprehensive key genes in oncology, immune-oncology, as
well as many other pathways in cancer. Future development
to cover the full gene expression spectrum is underway.
As an innovative research tool, DSP holds multiple attributes that are unmet by many parallel technologies. First,
accredited by its proprietary barcode technology, it is applicable
to measuring both proteins and RNA in-situ in a highly quantitative manner. We have tested in our hand the quantiﬁcation
capability of DSP for proteogenomic analysis and both levels
have shown reliable data respectively. Secondly, this is one
of the very few technologies dedicated to high-plex FFPE samples proﬁling at sub-spatial resolution and this signiﬁcantly
broadens the application potential of the technology [46].
Thirdly, customizable ﬂuorescence-guided morphology markers allow computationally deﬁned segmentation within ROIs
facilitating further puriﬁcation of samples and/or rare cells to
be analyzed at user’s choices. Lastly, unlike laser captured
microdissection (LCM), samples remain intact during the entire
workﬂow allowing other downstream application of samples
such as IHC and conventional HE staining. When the slides
are available, HE staining is recommended to provide additional information. On the contrary, DSP also bears certain
limitations. Its resolution cannot reach the single-cell level
though computational-based inference tools may be applied in
the near future based on bulk transcription proﬁling data [54].
Though near single-cell sensitivity for some speciﬁc protein
was achieved by others and in our hands (data not shown), a
better signal-noise ratio for certain antibody probes may need
to be improved, [42]. Currently, an alternative method is to
select multiple rare cells containing ROIs a user-deﬁned
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phenotype group to obtain sufﬁcient counting. Expansion of
protein targets is also essential for higher plexing needs. Moreover, the future direction of integrating DSP with other spatial
analysis software may help obtain multi-dimensional data for
advanced analysis [54].

Conclusion
DSP developed by nanoString, is a groundbreaking technology providing insights into a wide range of biomedical
research, especially immuno-oncology and tumor microenvironment areas. DSP integrates multiple cutting-edge technologies, including high-throughput detection technologies (NGS
or digital optical barcodes), programmable DMD technologies,
and microﬂuidic sampling, into traditional IHC and RNA in situ
hybridization (ISH) approaches, creating an innovative tool for
spatial-resolved proteomics and transcriptomics analyses on
FFPE samples as well as fresh frozen tissues. We set up the ﬁrst
DSP platform in China at MIPCC, FynnBio in 2019, right after
nanoString Technologies launched the technology. As an early
method establishment approach, we have validated this innovative technology platform demonstrating the expected sensitivity
and robustness of the approach. We expect that the DSP platform will greatly advance biomedical research especially in
immuno-oncology and tumor microenvironment areas.
Though the limitation of numbers of cells in selected ROIs,
discrete cells labeled by speciﬁc morphology marker could still
be collected and counted sufﬁciently. Currently, up to 2,000
RNAs could be detected for each ROI because of the replacement of the readout method, and panels for the entire transcriptome or even genome could go into service in the foreseeable
future.
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