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Abstract

Background
Immunotherapy, targeting programmed death ligand-1 (PD-L1) and cytotoxic T lymphocyte-associated
antigen-4, has shown signi�cant antitumor activity and favourable safety pro�le in patients with
advanced non-small cell lung cancer (NSCLC), while predictive biomarkers remain largely unknown. Here,
we investigated the predictive effect of spatial protein expression signature of KN046, a bispeci�c
antibody (bsAb), as a treatment in advanced NSCLC patients.

Methods
Digital spatial pro�ling was used to investigate protein expression in both tumor and stroma areas of
formalin-�xed para�n-embedded sections at baseline. Regions of interests (ROIs) were recorded after
tricolor �uorescence labeling. The geometric means of different protein expression of different response
groups were combined to construct the tumor signature, the stroma signature and the tumor + stroma
signature. The accurate score was determined by receiver operating characteristic curve and the area
under the curve (AUC).

Results
Eight patients with partial response (PR) and nine with progressive disease (PD) were enrolled in the
study. Among 133 ROIs, 14 proteins expressed differently between PR and PD groups (both P < 0.05).
Among tumor areas, tumor necrosis factor superfamily member 4, CD276, B-cell lymphoma-2 and
CD45RO were highly expressed in PR group, while transmembrane protein 173 was highly expressed in
PD group (both P < 0.05). Among stroma areas, PR group exhibited a greater expression of T cell
immunoglobulin and mucin domain 3 (Tim-3), PD-L1, complement component 3 receptor 4 subunit
(CD11c) and Beta-2-microglobulin (B2M) than those in PD group (P < 0.05). The stroma signature showed
a superior predictive performance (AUC = 0.840, P < 0.05) to the tumor + stroma signature (AUC = 0.732, P 
< 0.05) and the tumor signature (AUC = 0.670, P < 0.05). The predictive effect of the stroma signature was
much better than that of PD-L1 expression or tumor mutation burden.

Conclusions
In NSCLC, we �rstly found that there are differences in the expression of immune-related proteins in
different spatial regions. And we successfully developed a stroma signature with Tim-3/PD-
L1/CD11c/B2M which could better predict the response to KN046. This signature might potentially
complement the limitations of PD-L1 and TMB measurements and be useful in clinical practice about
bsAbs.
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Introduction
Non-small cell lung cancer (NSCLC) is a frequently occurring malignancy and is one of the main causes
of cancer-related deaths worldwide. At diagnosis, many patients already have advanced stage disease
with an unfavorable prognosis.1 Immunotherapy that targets the programmed death-1 (PD-
1)/programmed death ligand-1 (PD-L1) pathway, has changed the treatment landscapes of advanced
NSCLC and markedly increased overall survival. However, immunotherapy is still confronted with many
challenges, particularly in overcoming drug resistance, identifying accurate biomarkers, and managing
immune-related adverse events (irAEs).2–6

Several studies have explored the combination of two different immunotherapeutic drugs with the aim of
improving the e�cacy of immunotherapy. PD-1/PD-L1 and cytotoxic T lymphocyte-associated antigen-4
(CTLA-4) are two of the classic immune targets and immunotherapy aimed to target them simultaneously
is rapidly developing.7–11 KN046 is a bispeci�c antibody (bsAb) targeting PD-L1 and CTLA-4.12 The
safety and clinical effectiveness of KN046 in advanced NSCLC patients were evaluated in a phase 2,
multicenter clinical study (NCT03838848). The median progression-free survival (mPFS) with KN046 in
second or beyond line therapy was 3.7 months in intention-to-treat population. PFS in squamous NSCLC
patients were 7.3 months, showing a bene�t advantage compared with the historical data of PD-1/PD-L1
monotherapy.13 But the biomarkers of e�cacy remains unclear.

In advanced NSCLC patients, acquisition of tissue remains a key issue. Biopsy through bronchoscopy or
CT guided transthoracic core needle biopsy is frequently performed to get tissue samples. We hope to
extract as much information as possible from limited biopsy specimens. Traditional
immunohistochemical (IHC) allows spatial analysis of tumor cells, but the amount of available
information is limited.14, 15 This method only measures 3–4 targets at a time and it can not characterize
actual cell proportions, cell heterogeneity, or deeper spatial distributions.16 In recent years, great progress
has made in multiple to single-cell sequencing, but the spatial location information could not be obtained.
The application of formalin �xed para�n embedding (FFPE) in biopsy specimens is strictly limited
because most of the emerging sequencing methods have high requirements on specimen freshness and
size.17, 18 These limitations could be potentially eliminated with the development of space multi-target
technology. NanoString Biotechnology's digital spatial pro�ling (DSP) is a next-generation spatial multi-
target analysis system. It is a state of the art platform that combines �uorescence, IHC, and
transcriptome techniques to achieve high throughput, multiomics and elastic selection of region of
interest (ROI). It provides more comprehensive and clear biological images, thus collecting spatially
morphological information and multiple expression data which could not be obtained simultaneously
through traditional analysis platforms.

In the study, we retrospectively collected 17 specimens from the different response groups in a phase II
clinical trial of KN046 in advanced NSCLC subjects. DSP of Nano-String GeoMX was used to measure the
speci�c expression of 44 immune cell and immunotherapy related proteins to evaluate the tissue
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microenvironment and tumor cells in the two groups of patients and to investigate signi�cant biomarkers
for constructing predictive signatures.

Materials And Methods

Sample selection
We collected tissue specimens from patients with advanced NSCLC who were undergoing treatment with
KN046 during a phase 2 multicenter study.13 The inclusion criteria were: aged between 18 and 75 years
old; had stage IV NSCLC con�rmed by histology or pathology; had negative epidermal growth factor
receptor mutation or anaplastic lymphoma kinase rearrangement; and failed or not tolerated to �rst-line
platinum-based chemotherapy. Enrolled patients were given KN046 (3 mg/kg or 5 mg/kg) intravenously
every 14 days up to disease progression or intolerable toxicity. Tumor response was evaluated per
response evaluation criteria in solid tumours (RECIST) version 1.1.19

Procedures of DSP
We followed published experimental methods with modi�cations as noted below.20, 21 Brie�y, FFPE
sections (4µm) of 17 specimens (8 PR and 9 PD) were prepared. Slides were baked at 60°C for 1.5h, then
depara�nized, rehydrated, antigen-retrieved in pressure cooker for 10 minutes at 100°C. For protein
detection, UV-photocleavable barcode-conjugated protein probe set (Immune Cell Pro�ling Core, IO Drug
Target Module, Immune Cell Typing Module, and Pan-Tumor Module) and morphology markers (panCK
and CD45) were hybridized with the slides at 4℃ overnight, followed by washing with tris buffered saline
tween for 3 times to remove off-target probes, then counterstained with nucleus dye (SYTO13) for 15
minutes at room temperature. The morphology markers and nucleus stain allow delineation of the
epithelial, immune compartments, and nuclei, respectively. The protein pro�ling reagents contained 44
targets (Supplementary Table 1).

ROI selection were performed on the the immuno�uorescence images. Compartment-speci�c areas of
interests (AOIs) were assigned from sequential mask as the stroma (panCK negative staining, tumor-
inverse segment) and tumor (panCK positive staining, tumor-enriched segment) compartments. 6–20
AOIs per sample were selected for analysis. The spatially-indexed barcode cleavage and collection were
performed on a GeoMx Digital Spatial Pro�ling instrument (NanoString). The barcodes collected from
each AOI were quantitated by the nCounter FLEX (Nanotring), then mapped back to original ROI locations
to integrate spatial information with protein expression for individual ROI.

Quality control of the protein data was performed using an nCounter Assay which included 6 positive
probes and 6 negative control probes. The content of quality control contains the e�ciency of
hybridization, puri�cation and imaging. Raw digital counts from the barcodes corresponding to particular
probes were normalized. Housekeeping proteins (ribosomal protein S6, histone H3), 2 mouse and rabbit
IgGs (negative controls) were employed for further housekeeping and signal-to-noise normalizations. The
size of different ROIs was adjusted by area normalization and different cell numbers to avoid variations
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across ROIs. By comparing the �uorescence images with the corresponding HE staining (Fig. 1A), each
ROIs were spatially identi�ed in the whole tissue. After segmentation, approximately 3–20 AOIs were
chosen per specimen according to morphology (Fig. 1B). Finally, up to 133 ROI data were pooled
(including 89 tumor areas and 44 stroma areas) and sequenced using NextSeq High Output (ver. 2.5; 75
cycles, 2 × 38 bp; Illumina). All AOIs were quanti�ed by NGS technology.

PD-L1 testing
PD-L1 quantitative detection was followed by the DSP protocol above. The PD-L1 expression was
measured though the immune cell pro�ling core panel. Meanwhile, we also detected PD-L1 expression
through traditional automatic IHC. Prepared FFPE sections were put into Ventana BenchMark XT
automatic immunohistochemical staining instrument platform (Ventana PD-L1 SP263). The expression
was evaluated according to the coloring ratio. PD-L1 positivity was de�ned according to the tumor
proportion score (TPS) staining on tissue: <1% (negative), 1–49% (weak positive), and ≥ 50% (strong
positive).

TMB analysis
TMB refered to the total number of somatic mutations with replacement, insertion and deletion per
megabyte base in the exon coding region of the genome in a tumor sample. First, tumor samples were
extracted from FFPE for DNA isolation and sequencing of genomic DNA. DNA fragments of 200bp to
400bp were isolated from the tissue after shearing, and DNA libraries were constructed using KAPA Hyper
Prep kits. Then, the prepared library was hybridized with two different hybridization reagents and blockers
in the SureSelectXT Target Enrichment System. Then the enrichment library was ampli�ed with P5/P7
primers. Finally, the library was sequenced on NovaSeq6000 platform (Illumina) after being identi�ed by
2200 bioanalyzer and quanti�ed by Qbit3 and QPCR NGS library quantitative kits. The panel of 825
cancer-related genes were compared with an average coverage depth of more than 700 (Genetron Health,
Beijing, China). TMB = number of mutations/panel size (mut/Mb).

Public database validation
The �rst step of validation was to �nd the corresponding gene name of the proteins involved in three
signatures in the original data set, then screen the gene expression levels of all samples in several
external data sets of immunotherapy.22–26 The average expression of each signature in external data
sets samples was calculated as the signature score. Median score was used as the cut off value to divide
the samples into high score and low score groups, and to calculate whether the samples could predict
e�cacy. According to the response of patients, complete response (CR) and partial response (PR) were
divided into response group, pregressive disease (PD) and stable diease (SD) were non-response group.
Wilcox statistical analysis and receiver operating characteristic (ROC) analysis were used to evaluate
whether signature score could accurately predict e�cacy.

Statistical analysis
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All data were corrected by Benjamini–Hochberg (BH) method, which controlled the false discovery rate by
utilizing the sequential modi�ed Bonferroni correction for the testing of multiple hypotheses.27 The
formula employed as: P *(m/k); where the common P-value is P; the number of tests is m; and the P-value
ranking for this test among all tests is k. After correction, the geometric means of different proteins
between 2 groups (P < 0.01) made up a signature [Σ(log2( Xi + 1))/N; Xi was the normalized expression
value of each protein, N was the number of proteins included in the signature].

For expression data analysis, when multiple probes were available, outlier probes were deleted from each
target and expression values evaluated as geometric means of remaining probes. The deduplicated count
value was used to report single probe genes. The limit of quantitation was the geometric mean of the
negative control probes + 2 geometric standard deviations of the negative control probes. Upper quartile
(Q3) normalization was applied to each set of data.

ROC curves of the signature were drawn and area under the curve (AUC) were calculated to show the
predictive effects of a signature. In a binary classi�er, a ROC curve can be used to estimate the tradeoffs
between sensitivity and speci�city. The result yields a plot of the true positive rate (TPR, or speci�city) vs
the false positive rate (FPR, or 1-sensitivity). After the curve was drawn, a qualitative analysis of the
signature was performed. If the signature was to be quantitatively analyzed, AUC calculation was needed.
Obviously, the larger the AUC, the better the predictive effect. The closer the AUC is to 1.0, the higher the
authenticity of a method and the greater of the predictive value.

Results

Patient and sample characteristics
A total of 41 patients were screened. 20 patients obtained PR or PD after treatment. Among them, 4 had
unquali�ed FFPE slides. Finally, 17 were enrolled, with 8 patients in PR and 9 in PD groups, respectively
(Fig. 2). Median age was 61.8 years with 88.2% (15/17) of men and 23.5% (4/17) of never smokers. The
majority of patients had ECOG performance status 1 (16/17, 94.1%), adenocarcinoma (11/17, 64.7%),
negative PD-L1 expression (12/17, 70.6%), and TMB level ≥ 10 mut/Mb (13/17, 76.5%). All patients
progressed after �rst-line platinum-based chemotherapy. There were no statistical difference in
demographic or baseline characteristics between the two groups (Table 1).

Spatial protein information
Forty-four proteins detected by DSP including immune cell pro�les, immuno-oncology drug targets,
immune cell typing, and pan-tumor panels. Protein information of patients was clustered according to
different therapeutic effects. Heat map suggested that proteins in different areas had different expression
between two groups. When protein expression was plotted in boxplot after BH test, the expression of
CD276 (B7-H3) (P = 0.0001), CD45RO (P = 0.0002), B-cell lymphoma-2 (Bcl-2) (P = 0.0003), PD-L1 (P = 
0.0006), CD14 (P = 0.0013), tumor necrosis factor receptor superfamily member 18 (GITR) (P = 0.0014),
phosphatase and tensin homolog (PTEN) (P = 0.0018), progesterone receptor (P = 0.0027), �broblast
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activation protein alpha (FAP-alpha) (P = 0.0081), complement component 3 receptor 4 subunit (CD11c)
(P = 0.0071), CD45 (P = 0.0097), CD34 (P = 0.0098), and tumor necrosis factor superfamily member 4
(OX40L) (P = 4.8e-05) were signi�cantly higher in PR group, while transmembrane protein 173 (STING) (P 
= 0.0007) were higher in PD group. In tumor areas, OX40L (P = 0.0002), B7-H3 (P = 0.0007), Bcl-2 (P = 
0.0008), and CD45RO (P = 0.0031) were signi�cantly highly expressed but STING (P = 3.5e-05) was lowly
expressed in PR group. In stroma areas, expression levels of T cell immunoglobulin and mucin domain 3
(Tim-3) (P = 0.0028), PD-L1 (P = 0.0030), CD11c (P = 0.0039), and beta-2-microglobulin (B2M) (P = 
0.0042) were greater in PR group (Fig. 3). Differential proteins in each part were summarized in Table 2.

Construction of predicting response signature
As expected, different areas showed different protein expressions. We constructed signatures to evaluate
the predictive value of proteins from different areas. In all areas, the P-value of different proteins between
two groups was 6.4e-06, the AUC of tumor + stroma signature was 0.732. In tumor areas, the P-value was
0.0073, and the AUC of tumor signature was 0.670. In stroma areas, the P-value was 0.0002, and the AUC
of stroma signature was 0.840 (Fig. 4). As shown in AUC results, the stroma signature demonstrated the
best predictive performance.

Relationship between PD-L1 and clinical e�cacy
We used DSP platform to quantitatively detect the expression of PD-L1 in different spatial areas. High
expression of PD-L1 was associated with better response to KN046. The expression in all areas, tumor
areas and stroma areas were all higher in PR group than in PD groups (P = 0.0005, 0.0230, 0.0037,
respectively). (Fig. 5) The different PD-L1 expression in different areas suggested the spatial
heterogeneity of PD-L1 expression. DSP might be a more accurate methodin detection of PD-L1
expression than traditional IHC.

Relationship between TMB and clinical e�cacy
Among 17 patients, 3 of them from PR group had unquali�ed extraction, and only 1 from PD group had
low TMB (< 10 mut/Mb), the other 13 patients all had high TMB (≥ 10 mut/Mb). So there were no
statistical signi�cance between PR and PD group (P-value = 0.87). Moreover, due to the small sample
size, we were unable to conclude the relationship between TMB level and the response to KN046 (P = 
0.89). (Fig. 5)

Comparison with traditional markers
PD-L1 and TMB were common predictive biomarkers for e�cacy of immuneotherapy in advanced NSCLC
patients. So we compared their AUC values with our signatures. In all areas, the AUC of PD-L1 was 0.678,
the AUC of TMB was 0.533, which were signi�cantly lower than our signature (AUC = 0.732) in all areas.
In tumor areas, the AUC of PD-L1 was 0.643, suggested that the tumor signature (AUC = 0.670) can better
predict the response of KN046. In stroma areas, the AUC of PD-L1 was 0.761, also showing our stroma
signature (AUC = 0.840) had a better performance than tumor PD-L1 or TMB in predicting the e�cacy of
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KN046. (Fig. 5) Therefore, our signatures had better predictive value than traditional biomarkers such as
PD-L1 and TMB in all regions.

Public database validated the above signatures
After preliminary screening, further validation sets of 5 classic cancer types treated with PD-1 or CTLA-4
blockade, of which the RNA-sequencing data was available, were selected as validation cohorts.22–26 We
veri�ed the relationship between our three signatures and the effection of immunotherapy respectively.
Since the patients in above cohorts not only included NSCLC but also other types of cancer such as head
and neck squamous cell carcinoma, melanoma and clear cell renal cell carcinoma, and these patients
who were treated with immune monotherapy had data of RNAseq only, we did not establish the
relationship between the relevant gene signatures and the e�cacy of immunotherapy. (Supplementary
Fig. 1) To sum up, our protein signature of these predictors might speci�cally predict the e�cacy of
KN046 in NSCLC patients.

Discussion
In recent years, immunotherapy has changed the treatment landscapes of lung cancer and prolonged
survival of patients. However, PD-1 or PD-L1 monoclonal antibodies have limited e�cacy, about 20% of
NSCLC patients could get tumor response to immunotherapy.28 BsAbs can simultaneously target two
different checkpoints, which may improve e�cacy of immunotherapy and become a promising
innovative therapy for cancer patients.29 KN046 is a BsAb targeting PD-L1 and CTLA4, demonstrating
e�cacy in 2nd line or beyond treatment of advanced NSCLC patients in the phase II trial.13 However, its
predictive biomarkers are largely unknown. This study demostrated stroma signature based on protein
expression is associated with better e�cacy of the compound.

Combination of PD-1/PD-L1 and CTLA4 antibodies is synergistic in antitumor effect. The e�cacy of this
dual immune combination strategy was �rstly demonstrated in melanoma patients.30 In NSCLC,
CheckMate227 study suggested that patients could bene�t from dual immunotherapy.31 In
CheckMate9LA, overall survival (OS) of nivolumab and ipilimumab and 2 cycles chemotherapy was
higher than chemotherapy alone. But the combination of nivolimab and ipilimumab produces signi�cant
toxicity, which is mainly due to ipilimumab.32 Several bsAbs against PD-1/PD-L1 and CTLA4 with the
purpose to decrease toxicity of the combination while keep e�cacy are being tested.13, 33, 34 Just like
previous PD-L1 or PD-1 inhibitors, not all patients bene�t from bsAbs. Up to now, there was no good
biomarkers to screen out effective population of bsAbs.

In the process of exploring tumor biomarkers of PD-1/PD-L1 monoclonal antibodies in the past, several
biomarkers related to immunotherapy e�cacy were found, but all had their limitations. PD-L1 was the
most widely used predictor so far. Many studies have noted that patients with higher PD-L1 expression
could bene�t from immunotherapy, they can achieve longer PFS or OS.35–38 Another common biomarker
is TMB. Several studies revealed that patients with higher TMB had higher objective response rate (ORR)
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and longer PFS.39–41 TMB is closely related to DNA repair defects. Generally, patients with high TMB
often have high DNA mismatch repair (dMMR) and high microsatellite instability (MSI-H). A large number
of studies have con�rmed that patients with advanced solid tumors of MSI-H/dMMR are more likely to
bene�t from immunotherapy, regardless of cancer type.42, 43 Tumor in�ltrating lymphocytes (TILs), as a
kind of highly heterogeneous immune cells, has been shown to be a favorable prognostic factor for many
solid tumors, including lung cancer.44 Precious studies suggested that intense TILs were independent
prognostic variable for PFS and OS.45–47 But the lack of globally consistent criteria and cutpoints may
reduce their predictive value. Interferon gamma (IFNγ) related signaling pathways play an important role
in exerting anti-tumor immune effects. Patients with high baseline IFN-γ mRNA expression may have
longer PFS and OS.48, 49 However, IFN-related studies mainly focused on melanoma, and data on NSCLC
are limited. Then several studies also focused on the relationship between the combination of PD-L1 + 
TMB and the e�cacy of immunotherapy. In CheckMate 568, patients with high TMB + negative PD-L1
showed higher ORR than those with high TMB + positive PD-L1.50 On the contrary, CheckMate 026
suggested that in PD-L1 positive + high TMB subgroup, the response rate was up to 75%, which was
higher than only one factors.51 Therefore, whether the combination of biomarkers can predict the curative
effect remains to be further explored. We need a more advanced platform to access more information
about tumor tissue.

DSP technology solved the problem of spatial information detection. The main advantages of DSP was
the high reuse capability for FFPE samples, the low operating time, and the non-destructive direct process
to de�ne biomarkers in a discrete ROI.20, 21, 52 In the �eld of immunotherapy companion diagnostics,
Gupta S. et al. and Zugazagoitia J. et al. have con�rmed that DSP seems to have quantitative potential
compared to IHC, and the technology has the capability to do concomitant diagnostic tests for
immunotherapy.53, 54 DSP was also used in �nding biomarkers. It was shown �srstly to successfully
identify 20 biomarkers in melanoma patients, where the expression of PD-L1 in CD68-positive cells rather
than tumor cells was an important factor in determining PFS, OS, and treatment response.55 DSP seems
to have the potential to become an accurate technique for determining therapy prognosis after
immunotherapy, so we used it to detect prognostic biomarkers from bsAbs.

The composition of tumor microenvironment (TME) plays an important role in inhibiting or enhancing
immune response. Tumor stroma is an important part of tumor microenvironment, which plays an
important roal of tumor genesis, development and metastasis.56 The precision of tumor immunotherapy
and the exploration of biomarkers should not only focus on tumor cells, but also the stroma information
around them and the spatial information of each component should not be ignored. This study �rstly
validated the immune components and protein expressions in different tumor areas and stroma areas
were signi�cantly different using DSP, which also laid a foundation for us to determine more accurate
biomarkers. In provious study about NSCLC patients treated with dual immunotherapy combination,
CheckMate227 suggested that nivolumab plus ipilimumab improved PFS in patients with high TMB (≥ 
10), and prolonged OS in patients with positive PD-L1 expression (≥ 1%).31, 57 When researches made a
combination of these two biomarkers, patients with high TMB + positive PD-L1 achieved longer PFS, but
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did not increase PFS when compared to the high TMB + negative PD-L1 subgroup.31 The combination of
PD-L1 and TMB may not make sense. But in our study, we identi�ed a predictive signature of Tim-3, PD-
L1, CD11c, and B2M in stroma areas with higher prediction score than tumor cells. Its score exceeded
traditional biomarkers PD-L1 and TMB. This suggests that bsAbs immunotherapy may alter the TME and
induce greater changes in protein expression of stroma regions. This combination of spatial different
proteins may ameliorate some drawbacks of traditional biomarkers. It also provide new method and idea
for the exploration of e�cacy predictive biomarkers of other bsAb drugs.

Despite our foundings above, this study also had its limitations. When we veri�ed the relative genes and
signatures in common database, we were unable to obtain positive results. It may be caused by the
following reasons. First, The validation sets focused on multiple cancer types with immune monotherapy,
which is different from our target population and treatment regimen. Second, we could only got data at
RNA level, it was different from the protein level. Besides, because of the novelty of KN046, relative data
can not be obtained from public database. Furthermore, the sample size was small and involved one
single center, and due to the amount of collected tissue, we only carried out DSP for protein detection. So
our signature of bsAb-KN046 needs to be further validated in subsequent prospective studies and clinical
trials involving multiple centers. And in the future, we plan to add other techniques such as single-cell
sequencing and spatial transcriptome sequencing to further verify our �ndings.

In conclusion, our study suggest that there are differences in the expression of immune-related protein
information in different spatial regions of tumor tissue, and the signature in stroma region with Tim-3,
PD-L1, CD11c, and B2M can better predict the response of a bsAb drug KN046.
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Figure 1
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Representative hematoxylin-eosin (HE) staining images and regions of interest (ROIs) from patients in
partial response (PR) and progressive disease (PD) group.       (A) Representative HE images of advanced
NSCLC patients before threated with KN046; (B) Representative ROI selection images from GeoMx Digital
Spatial Pro�ling instrument.

Figure 2

Flowchart of cohort with KN046.

NSCLC, non-small-cell lung cancer; SD, stable disease; PD, progressive disease; PR, partial disease; FFPE,
formalin �xation and para�n embedding; QC, Quality Control.

Figure 3
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Different protein expression.

(A) According to response, heat map of all detected proteins in 2 groups. (B) Different protein expression
between PR and PD groups of ROIs in all areas. (C) Different protein expression between 2 groups in
tumor cell enriched areas. (D) Different protein expression between 2 groups in stroma areas. 

Figure 4

Predictive effect of signatures from different areas.

(A) Heat map of different protein expression in all areas. (B) Boxplot of tumor + stroma signature in 2
groups. (C) ROC curve of tumor + stroma signature. (D) Heat map of different protein expression in tumor
areas. (E) Boxplot of tumor signature in 2 groups. (F) ROC curve of tumor signature. (G) Heat map of
different protein expression in stroma areas. (H) Boxplot of stroma signature in 2 groups. (I) ROC curve of
stroma signature.
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Figure 5

Compared with traditional makers.

(A) Boxplot of TMB (no partition de�ned). (B) ROC curve of TMB. (C) Boxplot of PD-L1 in all areas. (D)
ROC curve of PD-L1 in all areas. (E) The meta-graph of 3 biomarkers’ AUC value in all areas. (F) Boxplot
of PD-L1 in tumor areas. (G) ROC curve of PD-L1 in tumor areas. (H) The meta-graph of 3 biomarkers’
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AUC value in tumor areas. (I) Boxplot of PD-L1 in stroma areas. (J) ROC curve of PD-L1 in stroma areas.
(K) The meta-graph of 3 biomarkers’ AUC value in stroma areas.

Note: The meta-graphs showed smooth curves while the monographs showed broken lines which lead to
the AUC values in meta-graphs were slightly different from those in AUC monographs.
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