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Non-small cell lung cancer (NSCLC), including
adenocarcinoma and squamous cell carcinoma
subtypes, are the leading cause of cancer related
mortality globally. The 5-year survival of patients ~20%.
Whilst targeted therapies are increasing, including
multiple generations of tyrosine kinase inhibitors and
immune checkpoint inhibitors, there is a growing need
to identify predictive biomarkers for these therapies.

Here we profiled an adjuvant chemotherapy (n=61) as
well as a second line immunotherapy (n=42) NSCLC
cohort by spatial transcriptomics and proteomics) to
investigate  the  association  between  immune
composition and patient outcome. We applied a panel
cytotoxic and hyperactivated T cell states, as well as B
cells, Tregs and myeloid lineage innate immune cell

types.

Stromal T cells

Vimentin

Figure 3. Analysis steps of the Codex images are shown for the same
core at two different magnification levels. The first step is a paint-to-
train deep-learning-based tissue segmentation into epithelial (cyan)

Our study profiled tumour-immune composition across

patients and investigate the spatial neighbourhoods and Figure 2. Panels of markers of multiple colors (7+) can ;4 non-epithelial regions (blue). Next, is a cell segmentation using a

clusters that these cells software for tissue segmentation Figure 1. Individual core images of the Tissue microarray profiled on the CODEX be saved for easy visualization of different groups of ore-trained A.l. algorithm using the DAPI channel. Nuclei are

(into classes for tumor, stroma, artifacts, blood vessels, (Phehocycler) techno!ogy from Akoya Biosciences for 34 mar!<ers. Phenoplex™ software biologically relevant markers. In this case, three different expanded into cell cytoplasmic regions using a watershed method.  Figure 4. A guided workflow for cellular
etc.), cellular segmentation, and each marker, and then for tissue segmentation (into classes for tumor, stroma, artifacts, blood vessels, etc.), panels are shown, one for tumor architecture, one for Last comes the phenotyping of the cells based on the Guided phenotyping. Users set thresholds for each
performed spatial analyses (distances, interactions, cellular segmentation, and cellular phenotyping based on thresholds for each marker, stromal architecture, and one as a basic T cell panel. Workflow (Fig. 4). biomarker based on an assessment of the optimal
neighborhoods) using SpatialMap phenotypes. and then performed spatial analyses (distances, interactions, neighborhoods) using

: . : ) : : . ositivities.
SpatialMap to identify cellular motifs associated with clinical phenotypes. P
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soubl 3 Figure 6. Spatial plot of one tumor core, colored by phenotype. Phenotypes Figure 7. Spatial plot of a tumor core, colored by cell neighborhood Figure 8. Heatmap of the Figure 9. Heatmap of cell interaction
Grar 16K iaHos were programmatically imported from Visiopharm outputs (left panel). Inset: Graph of identity. Cell neighborhoods were derived by counting neighbor cell neighborhood counts matrix, depicting enrichments. Each element heatmap shows -
| | . spatial neighbor relationships (k-nearest neighbor algorithm, k = 10). Gray lines indicate phenotypes for each cell and clustering the resulting cells by the cell compositions of each neighborhood. log10 p-values for interactions (hypergeometric
' Avorigh log-eipresaion ® a neighbor relationship between connected cells. phenotype count matrix (right panel; k-means, k = 7). Inset: Graph of Counts data were subsampled to 2000 data test). Results represent one tumor core. Further
| B spatial neighbor relationships, with grey lines indicating a neighbor points. analysis to compare interactions across multiple
L in = 56) =2 3in=41) 4(n=172) relationship between connected cells. samples is shown below.
: o ISSEMMY B Scoupdse
| ; E ; ...: physedhr q;_r: i a3 ||.,_ i E
: : .-.. ..i Il:.:__:l. |"- i ', |_|I_|:|JI tein .-h. +r._"|b|:”.‘| r'D = TJ_': . . . . . . .
P electon @ ¢ 2| MiaratioRs -2 = u | F,r.,gm!:‘.;%f;ﬁ“ | £ electrorpcliaie 2 Cellular Heterogeneity Rapid Insight Generation Spatial Analysis Ecosystem Conclusion
kit Smhc 84 | chemoki ..nEj.usr_u;u' pernmgomaE Esparatur":,u igé
murb oo | 5 = | fiphos hé'rE' ERS . . . . . : . : .
v | |_concentiations E . Local heterogeneity around tumor cells Tumor :: CD4 T cell interactions are DC :: Tumor and CD8 T cell :: Tumor interactions . ° -
P , C——— : v T T Local entropy spatial plot predicts survival status enriched in EGFR positive patients are enriched in survival cohorts G?;&g?;gal .\ seZ?an?\?:tcl:on CUtJEmg edgte H splatlal transcrlp(’;orplc afnld
. e — — ) proteomic technology were used to profile
= sternl o S poles %;. = o gnucieoh ’“"E:' metabajic & & Entropy _ = ‘ 4- Tumor (CD15 hi) DC :: Tumer (CD1S hi) Sl 6t 3 ' tissue microarrays from NSCLC patients.
-gﬁ"““‘s””““'r 2l &R o 85 1 1225 SPurine: 358 | putaminacid B 5 (cell phenotype) . Survival & Tumor L—Tumr{nnhn 8 iff ial ; lvsis of ;
! Eg&gﬁgﬁr of £5/[ - Scspindlezt "-—%EEIEHJSEHEI% il AMINGS £ - z 20 . status ramer (D15 20 - *. GmB+ CD8 T cell cloud génpute. « Ditterential expression analysis of transcriptome
|EESsrebp S5 @ NEIE S owmasal " O S process g U2|| metabolism a3 2.0 2 @0 { oc: cosTcen .o AL Cloud Atl . data based on the standR pipeline was used to
= | eyt ﬂkiﬂ-l*lf.ll E F=F ,5-|-| poun g E_ ratabolic®™ . E 15 o _ 3 Blood vessal . . ou tlas ey of ! . . p p
———— e — 15 g = 3 |« A A Y - f . WO identify DEGs between adeno- and squamous
n = |1 nm= n = nms . é ] 2 | > 2 ". . .
TagrenegatvE e = - = 10 3’ L - A o T , - T cell carcinoma gnd the TME
J 1.0 o =) S . g :
53 Siuctivation s Hxt Bt 27 sl £0 ~ g =3 : E 2 LA . % - | analyses » For proteomic imaging data, we developed an
Eﬁﬁéﬁ%ﬁlif beiime@slane: i) %Enn ?f.:::i!:}arll%;l.’?ﬁfl.. 0.5 5 %7 Tl L | st T o5 [ ﬁ - analysis pipeline in Phenoplex that enabled
=X e = || AN - erartona | L | L-':{ ot uL AoniBsn m '1'1.' '._ _;:-_ #» . . . _ . . .
tyfleukbeyte 8 |[xtracellula = | ' 2 00 - | G| ? o ” ; 'XJé tissue-segmentation, cell segmentation and
'|.|H ntiatiofytokir® || | riboaicoprotein = 0.0 S . : . : 00 !‘ !9 - No-code analysis tools - used a gquided workflow to identify cell
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package was used for data gene/sample QC, : . . . : : : . . : | ‘ . . vsi cell neighbourhoods and interactions linked to
normalization (relative log expression, RLE analyis and Entropy was computed on phenotype entropy values of single-positive interaction proportions between interaction proportions between including neural network-based microenvironment analysis, clinical endpoints (overall survival) and EGFR
TMM normalization), followed by Iinealr modelling using classes of connected cells (knn, k = 10) PanCK+ tumor cells (n = 45186), patients with and without an EGFR  deceased and surviving patients  semantic segmentation, multimodal integration, heterogeneity O Utation status
daeR and Li ’ for DE vsis. The vissE bl and is a metric of cellular heterogeneity in grouped by survival status (0 = mutation (p-value = two sided t- (p-value = two sided t-test). analysis, and a no-code analysis toolkit for visualization, plotting, : ' .
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: : e neighborhood of the index cell. deceased, n = 28; 1 = survivor, n  test). and exploration of data. Data are readily accessed and share . :
shows the gene-set enrichment analysis (GSEA) of the . . . heterogeneity was uncovered and linked to
= 12; two sided t-test p < 1e-16). with collaborators or the broader community.

differentially expressed genes (GSEA: Fry & vissE).

overall survival.
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