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Background

Spatial I?Ai:atlons of immune cellshm t;1e tumor mélc.roenvironment (TME) h;lve .bzt.en.gholwn ' Oh correlate W:ith chrtl)lcal fo;tcome .1%,dlgfgrent The primary way to understand the workflow output is via overlays of the original IHC stains and the corresponding classification label maps and tables. In Two levels of tabular data help explain the visual data within the overlays: one at the cell level, and one at the slide level, each useful in
cancers. A worse pat}ent (?utcome as been T?POH? In oral squamous cancer Ior individuals with an increase ‘number of Iregs wit 1n 5U pm addition to cell classification, tumor segmentation is also performed to aid in better understanding of the tumor micro-environment. answering different types of questions about the samples. The cell-level data is useful for answering complex spatial questions, whereas the
of CD8+ cells [1]. Likewise, the spatial relationship between CD8+ and PD-L 1+ cells has become an area of interest as a possible indication slide-level data is useful for high-level sample comparison.

for the response to PD-L1-inhibition. It was recently shown in a retrospective study that the combined assessment of CD8 and PD-L1 in
NSCLC tumors outperformed CD8 or PD-L1 alone as prognostic markers for predicting treatment with immune checkpoint inhibitors [2].
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NucMap_ID | Centroid_X | Centroid_Y | Perimeter|Eccentricity MajorAxisLength | MinorAxisLength | Area| Within_TumorMask | Class_CD8|Class_PDL1| Mean_PDL1_R|Mean_PDL1_G|Mean_PDL1_B CD8+_KNN5_PDL1+
) o ) ) ) ) ) o ) ) o . 156052 156051  4391.61  8091.20 28.7279 0.7287 11.3050 7.7414 69 1 0 1 145.71 124.70 116.42
As reported in these cases, quantifying spatial relationships between two biomarkers can provide clinical and/or biological insights. Spatial 156053 156052 6247.73  8093.46 452132  0.5921 16.1309 12.9999 164 1 0 1 159.56 140.64 132.27
analytics of the TME requires accurate cell segmentation and classification. To that end, NeoGenomics has developed an IHC assay for 156054)  156053] 6383.67] ©8093.86] 412132 0.6253 14.6633 11.0425 131 ! 0 ! 156.70 137.32 129.64
] o ] o ) i ) ) 156055 156054  7021.82  8092.28 39.7990 0.8262 16.0572 9.0464 114 1 0 1 175.47 161.85 157.68
combined CD8 and 22C3/PD-L1 staining, as well as a deep learning pipeline to automatically identify, segment, and classify CD8+ and PD- 156056 156055  7567.25  8091.30 24.1421  0.5591 9.0418 7.4968 53 1 0 1 138.00 116.83 109.56
L1+ cells from whole slide IHC images. We see a 95% concordance of the number of CD8+ and PD-L1+ cells detected in our Dual IHC 156057} 156056 10045.81) 8090.13| 22.7279) 0.6036 8.7367 6.9659 48 0 ! 0 131.5 106.51 24.38 27.83
. . . . . . . . 156058 156057 10611.14 8092.35 46.3848 0.7084 17.4034 12.2837 168 1 0 1 124.21 98.48 87.80
assay with serial sections stained either for CD8 or PD-L1 alone. Our analysis results are comparable to pathologist scoring of Dual IHC. 156059 156058 11312.44  8091.07 33.3137  0.7511 12.6191 83303 82 1 0 0 134.86 111.21 100.43
We integrated our previously-reported cell segmentation and classification workflow used for MultiOmyx™ data (multiplexed IF images) [3] . . . L ‘ i . y | J
with Indica HALO® [4] to analyze whole slide IHC images double stained using two distinct chromogens. In this study, we performed IHC B slide | OverallQCMaskArea |Annotation| ALL# |CD8+ #|PDL1+ #| ALL #per mmsq|CD8+ #per mmsq| PDL1+ #per mmsq | PDL1 H-Score
double staining and cell classification analysis of a CD8 / PD-L1 assay in NSCLC tumors. In addition to cell segmentation and classification 2 |A-00002716-2HR-INC-PD-L1-22C3-CD8-DUAL 15.16800836 NSCLC 227354 1763 55954  14989.0476 116.2315 3688.9484 72.52
image outputs, we also generate cell-level and slide-level tables with various cell morphological information, phenotype counts and densities Riealils ot nlinhlai i cnl e e e IR e L Lot
g€ outputs, - 08 _ _ pholog . » P YP - 4 A-00002995-2HR-INC-PD-L1-22C3-CD8-DUAL 6.788832984 NSCLC 125355 2150 19786  18464.8820 316.6966 2914.4921 44.41
and biomarker intensity values that can be used to automatically define H-score measures for each biomarker. Additionally, advanced spatial Ovialaciik TR
analytics is performed to calculate the average distance between cells of various phenotypes, and spatial clustering patterns of different K . ) ; : . . . |
phenotypes in the TME (i.e. CD8+ and PD-L 1+ cells). These analyses enable investigation of numerous complex cell interactions in TME:s. 1 Slide TumorMaskArea |Annotation| ALL# |CD8+ #|PDL1+ #| ALL #iper mmsq| CD8+ #iper mmsq | PDL1+ #iper mmsq
2 A-00002716-2HR-INC-PD-L1-22C3-CD8-DUAL 10.85326017 NSCLC 141360 461 51663  13024.6578 42.4757 4760.1365
NeoGenomics quantitative Dual IHC assay is compatible with any two biomarkers of interest even if they are expressed on the same cell as 3 [A-00002982-2HR-INC-PD-11-22C3-CDS-DUAL | 8.550321252|NSCLC 92837/ 4533 11810  10857.7207 530.1555 1381.2347
. - . . o 4 A-00002995-2HR-INC-PD-L1-22C3-CD8-DUAL 3.427985649 NSCLC 62355 1246 18159  18189,9828 363.4788 5297.2801
long as the sub-cellular localization of the markers is different. The combination of double staining for CD8 and PD-L1, and quantifying Sveraiiaciat | Temormask |G
VEra d5 umaorivias [:F_:

spatial relationships between the two biomarkers is capable of providing the needed context to guide experimental decisions.

Workflow Steps

The framework consists of 11 major steps:

Table 1: A: Cell-level Quantification Table, B: Slide-level Summary Table with a tab for the whole slide, and a tab for just the tumor region

NeoGenomics has developed a new Dual IHC assay for CD8 and 22C3/PD-L1, followed by subsequent advanced spatial analysis using
state-of-the-art deep learning methods, and leveraging Indica’s powerful and easy-to-use HALO® software. This workflow may be used to

lap_ID Centroid_X Centroid_Y Perimeter Eccentricity MajorAxisLength MinorAxisLength Area Class_CD8 (¢

10 54210 10054.41 3887.12 12.2426 0.6259 5.1819 4.0412 17 0
54211 11048.77 3889.32 23.3137 0.7510 9.5492 6.3051 47
—_ 54213 54212 11389.47 3889.05 26.7279 0.2774 8.9355 8.5848 60
54214 54213 11595.50 3890.00 29.3137 0.7653 11.8917 7.6542 72
54215 54214 13473.79 3889.11 30.1421 0.8025 12.2957 7.3358 70
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1 e waion o vl it | . , o , , _ compare various patient cohorts for exploratory research to help better guide future research questions and directions.
e amnts o Mot e it toos st et e Figure 2: A: Dual IHC for CD8 and 22C3/PD-L1, B: Close-up of a region from A, C: Cell classification overlay (blue: negative, pink: CD8, beige:
S '{:mmMBSk : Ruol Tumorl\;lask}\raa A ati Qc LPass ALL“ ! - : i 1fi 1 1 ® : : | : : : - i
3:3333;;;;':::'::gs';':gﬁﬁ';;ggg:'gg:tl:ggg‘ ;@;ggg;;g;lgf’mvmgmg‘ : ;‘lgzgggl PD Ll)., D: Reglop (?la551f1cat10n overlay from Indica HALO' (red: glassf blue: necrosis, green: stroma, yellow: tumor), E: PD-L1 stain mask overlay, The final assay and analysis output consists of:
e e o R F: Spatial connectivity graph overlay between CD8 cells (solid) and the five closest PD-L1 tumor cells (hollow)
* Dual THC with CD8 (pink) and 22C3/PD-L1 (brown)
Various data visualization techniques may aid in the comparison between samples or regions with regards to their cell-type densities, total cell counts for * Nuclear segmentation map with unique labels for each cell
. . ° . . . . . . ®

~ CD8 and PD-L1, and spatial relations between CD8 and PD-L1 cells. Region segmentation and classification from Indica HALO

* Cell classification overlays for CD8 and PD-L1

A-00002716-2HR-INC-PD-L1-22C3-CD8-DUAL and A-00002982-2HR-INC-PD-L1-22C3-CD8-DUAL and A-00002895-2HR-INC-PD-L1-22C3-CD8-DUAL

A B - oimmmsmimameon « Tabular data at the cell level including stain intensity values, cell locations and morphologies, and cell classifications
S 1 » Tabular data at the slide level including region areas, cell counts and densities, and H-scores
| et - * Various data visualization overlays to help better explain final results
> i? 1% 5 e e, g T | * Graphs, plots, and charts to drive home major study findings
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