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Abstract

Background
Study of the geographic distribution of cellular populations and their interaction with malignant cells in
non-small cell lung cancer (NSCLC) is essential to understand the roles of cellular populations and
potentially design new therapeutic approaches.

Material and Methods
We studied 225 formalin-�xed, para�n-embedded tumor tissue samples from patients with stage I-III
NSCLC—142 adenocarcinomas and 83 squamous cell carcinomas—placed in tissue microarrays. Twenty-
three markers were used, including T-cell, B-cell, immune checkpoint, and myeloid cell markers, placed in
�ve multiplex immuno�uorescence panels. We used dimensional data reduction and cellular spatial
distribution to identify cell phenotypes and their cellular distribution across panels. In addition, we
analyzed associations between cellular spatial distribution patterns and clinicopathologic variables,
tumor mutational status, and outcomes.

Results
Overall, we observed two patterns of cellular distribution—unmixed and mixed—related to T-cells, B-cells,
granulocytic cells, and macrophages, and we detected various cellular interactions between malignant
and immunosuppressive cells and various associations between cell distribution and clinicopathologic
characteristics. Cellular distribution patterns and the distance from various cell phenotypes to malignant
cells were associated with recurrence-free survival and overall survival in univariate and multivariable
analysis.

Conclusions
Diverse populations of tumor cells and tumor-associated immune cell phenotypes can be present in
NSCLC samples. Spatial distribution is a new tool to better understand the tumor microenvironment and
help select therapeutic interventions.

Introduction
Despite recent advances in chemotherapy and immunotherapy, lung cancer, particularly non-small cell
lung cancer (NSCLC), remains one of the most commonly diagnosed malignancies and often has poor
overall outcomes (1). Several analyses of NSCLC patients showed that adjuvant chemotherapy improved
5-year overall survival (OS) rates by only 5.4% (2). Another meta-analysis of 1,154 patients with stage II-III
NSCLC showed that neoadjuvant chemotherapy with surgery was superior to surgery alone but had no
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bene�t compared with adjuvant chemotherapy (3). Moreover, the clinical effects of adjuvant tyrosine
kinase inhibitors or anaplastic lymphoma kinase inhibitors in NSCLC remain limited (4). Antibodies
targeting immune checkpoints (5) in NSCLC were recently shown to have a survival bene�t (6, 7),
improving 5-year OS rates in 20% of unselected patients and up to 40% of patients with high PD-L1
expression (8). However, despite these promising results, a substantial proportion of patients receiving
these treatments exhibited disease progression (9).

Studying the interaction between malignant cells and tumor-associated immune cells (TAICs) using
spatial distribution is essential to identify possible factors of tumor progression, relapse, or outcomes.
This has been demonstrated not only in NSCLC (10) but also in other tumor types, such as breast cancer
(11) and colon cancer (12). Malignant cells can utilize various pathways to avoid immune surveillance
(13, 14), and identifying such mechanisms of progression can help identify potential new targeting
strategies for lung cancer immunotherapy (15). The current study aimed to characterize the cellular
composition of NSCLC and examine the spatial distribution of cell populations in NSCLC using multiplex
immuno�uorescence (mIF) panels. We also analyzed associations between cellular spatial distribution
and clinicopathologic features and molecular pro�les of NSCLC.

Materials And Methods

Tissue Specimens and Microarray
We examined specimens from 225 patients with stage I-III primary NSCLC, 142 of which were
adenocarcinomas (ADCs) and 83 squamous cell carcinomas (SCCs). The patients had not received
neoadjuvant therapy and were evaluated and underwent surgical resection at The University of Texas MD
Anderson Cancer Center between 1997 and 2012. Tissue specimens were obtained from the Tissue
Biospecimen and Pathology Resource, following informed consent under protocols approved by the
Institutional Review Board. Tumors were classi�ed using the 8th American Joint Committee on Cancer
guidelines (16). Tissue microarray (TMA) sections were prepared using three 1.0-mm tissue cores
obtained from the center, middle, and periphery of formalin-�xed and para�n-embedded histologic
sections. Clinical and pathologic information, including demographic data, age, sex, tobacco history,
smoking status, tumor size, tumor stage, adjuvant treatment, and mutational tumor status (KRAS or
EGFR), was collected from medical records. Follow-up information for recurrence-free survival (RFS) and
OS rates were also retrieved from the patients’ electronic medical records (Supplementary Table 1).

mIF Staining and Analysis
mIF staining was performed using methods similar to those previously described and validated (17).
Brie�y, formalin-�xed, para�n-embedded TMA sections of 4-µm thickness were stained using 5 panels
containing the following antibodies: panel 1, cytokeratin (CK), CD3, CD8, PD-1, PD-L1, and CD68; panel 2,
CK, CD3, CD8, CD45RO, granzyme B (GZB), and FOXP3; panel 3, CK, CD3, PD-L1, B7-H3, B7-H4, IDO-1, and
VISTA; panel 4, CK, CD3, ICOS, LAG3, OX40, TIM3, and CD20; and panel 5, CK, Arg-1, CD11b, CD14, CD33,
CD66b, and CD68. All markers were stained in sequence using their respective �uorophore contained in
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the Opal 7 IHCkit (catalog #NEL797001KT; Akoya Biosciences, Waltham, MA) for the panels with 6
antibodies, and coumarin �uorophore was added in the panels with 7 antibodies (Supplementary
Table 2). Positive (human reactive tonsils) and negative or auto�uorescence controls (human reactive
tonsils including the antibodies but without any �uorophores) were included in each run of staining (18).
The stained slides were scanned using the multispectral microscope Vectra Polaris 3.0 imaging system
(Akoya Biosciences) under �uorescence conditions at low magni�cation (10×), and then each core was
viewed at high magni�cation (20×). Each core from the TMAs was analyzed using the InForm 2.4.0
digital image analysis software (Akoya Biosciences). Marker co-localization was used to identify the
most relevant speci�c cell phenotypes from each mIF panel, as shown in Supplementary Table 3.
Densities of each cell phenotype were quanti�ed, and the �nal data were expressed as the number of
cells/mm2. The data were consolidated using R studio 3.5.3 (Phenopter 0.2.2 packet; Akoya Biosciences).

Immune Cell Phenotype Characterization
We created cord plots to better visualize cell phenotypes based on the co-expression of markers used in
the 5 mIF panels. Additionally, dimensional reduction clustering was applied using uniform manifold
approximation and projection (UMAP) to characterize all possible cell populations in each panel (19, 20).
The results were plotted using R studio software v.3.6.1 and Python v. 3.8.9.

Spatial Cellular Distribution Analysis
To de�ne spatial pattern distributions and cellular interactions between CK + malignant cells and TAICs,
we compared the empirically derived cross G function curve with the theoretical Poisson curve (median
distances of the speci�c cells from malignant cells between samples), obtained by assuming the same
intensity pattern is observed in each sample, as described previously (17), to characterize patterns of
cellular distribution and possible regulatory interactions between the cells. Furthermore, using the spatial
point pattern distribution of the cell phenotypes relative to malignant cells, we measured the distance
from CK + malignant cells to each cell phenotype included in the panels using a matrix created with each
cell’s X and Y coordinates in R studio software v.3.6.1. We applied the median nearest neighbor function
from CK + malignant cells to CD3 + T-cells, CD20 + B-cells, CD68 + macrophages, and CD66b + 
granulocytic cells (PMNs), as well as to the other cell phenotypes, to determine where these TAICs were
located; speci�cally, whether the TAICs were close to (equal to or less than the median distance) or far
from (more than the median distance) the CK + malignant cells (19).

We expanded the characterization of patterns of cellular distribution and distances and combined these
two results to identify four groups of cellular immunologic distribution:

Group 1. Mixed pattern with close median distances to the malignant cells

Group 2. Mixed pattern with long median distances to the malignant cells

Group 3. Unmixed pattern with close median distances to the malignant cells

Group 4. Unmixed pattern with long median distances to the malignant cells



Page 6/31

Statistical Methods
For statistical analysis, densities and distances of various cell phenotypes from malignant cells were
dichotomized: values greater than the median were considered high density or long distance and values
equal to or lower than the median were considered low density or close distance. For patterns of cellular
distribution, a score ranging from − 10 to 10 in the comparison of G function curve with the theoretical
Poisson curve indicated a mixed pattern and a score > 10 indicated an unmixed pattern, for various TAICs.
Nonparametric tests were used to assess associations in the patterns of cellular distribution and spatial
distance analysis from malignant cells to TAICs, and associations between cellular distribution patterns
and clinicopathologic features were evaluated using the Wilcoxon rank-sum or Kruskal-Wallis test.
Univariate analyses were based on the Kaplan-Meier method, and the log-rank test was used to determine
whether patterns of cellular distribution, cellular distances, or cellular immunologic distribution groups
were associated with RFS or OS. Cox proportional hazards models were used to evaluate associations
between outcomes and the four immunologic cellular distribution groups, controlling for
clinicopathologic characteristics. A P value of less than 0.05 was considered statistically signi�cant. All
analyses and data visualization were performed in R 3.6.0 and 3.6.1 (released April 2019; https://www.r-
project.org), R studio 3.5.3 (Phenopter 0.2.2 packet; Akoya Biosciences), Python v.3.8.9, and/or GraphPad
Prism v.9.0.0.

Results
We analyzed expression of 23 markers, including CK, CD3, CD8, CD68, GZB, CD45RO, FOXP3, PD-1, PD-L1,
B7-H3, B7-H4, IDO-1, VISTA, ICOS, LAG3, OX40, TIM3, CD20, Arg-1, CD11b, CD14, CD66b, and CD33,
placed in �ve mIF panels. We identi�ed different cell phenotypes by marker co-expression, as shown in
Fig. 1. Cord plot visualization helped to show the inter-relationships between markers and the co-
expression of the markers together as well as by individual panel (Fig. 1, Supplementary Fig. 1).
Dimension reduction plots and unsupervised cellular clustering identi�ed diverse cell cluster populations
based on marker co-expression in each mIF panel (Fig. 2).

Co-expression of Immune Checkpoint Molecules on
Malignant Cells
Cord plots and UMAP plots showed that multiple immune checkpoints are expressed simultaneously by
malignant cells. We found that PD-L1, B7-H3, B7-H4, and IDO-1 immune checkpoints were expressed by
malignant cells, in various densities and combinations (Fig. 2, Supplementary Fig. 1). In addition, our
dataset captured rare cell populations such as malignant cells expressing OX40; these populations were
absent from previous studies and different from other cell phenotypes (Fig. 2) that would be expected to
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escape from the phenotypes listed in Supplementary Table 3. Overall, the cellular densities of these
checkpoint molecules were higher in malignant cells from SCC than in those from ADC. The most
predominant immune checkpoint expressed in malignant cells from ADC and SCC was B7-H3 (median,
307.79 cells/mm2), followed by PD-L1 (median, 77.265 cells/mm2), OX40 (median 25.38 cells/mm2), B7-
H4 (median, 19.17 cells/mm2), and IDO-1 (median, 7.08 cells/mm2), and signi�cantly higher densities of
B7-H3 and B7-H4 in were observed in SCC than in ADC (P < 0.001 for both immune checkpoints), whereas
signi�cantly higher densities of IDO-1 were observed in ADC than in SCC (P = 0.015; Supplementary
Table 4). Additionally, the inter-relationships between markers through cord plots and UMAP clusters
showed several other combinations of immune checkpoints (Fig. 2, Supplementary Fig. 1). This
illustrates the heterogeneity of marker co-expression and clusters, suggesting that several pathways may
be activated in the malignant cells as part of their escape from immune surveillance.

Characterization of T-Cell and B-Cell Populations
The most common T-cell and B-cell subpopulation densities are shown in Supplementary Table 4 and
Supplementary Fig. 1. Although we observed high amounts of classic T-cells and B-cells, such as CD3 + 
CD8 + cytotoxic T-cells (median, 136.51 cells/mm2), CD3 + CD45RO + memory T-cells (median, 57.39
cells/mm2), CD3 + CD8 + CD45RO + cytotoxic memory T-cells, (median, 25.44 cells/mm2), and CD20 + B-
cells (median, 80.07 cells/mm2), we also observed substantial densities of suppressive T-cells such as
CD3 + CD8negFOXP3 + regulatory T-cells (median, 24.10 cells/mm2), as well as T-cells and B-cells
expressing other suppressive markers. We observed high densities of cells expressing PD-1 (median,
39.53 cells/mm2) and PD-L1 (median, 41.935 cells/mm2), as well as CD3 + LAG3+ (median, 229.81
cells/mm2), CD3 + ICOS+ (median, 36.19 cells/mm2), CD3 + OX40+ (median, 12.07 cells/mm2), CD3 + B7-
H3+ (median, 8.86 cells/mm2), and CD3 + TIM3 + cells (median, 6.64 cells/mm2). We also observed high
quantities of B-cells expressing ICOS (median, 7.44 cells/mm2), OX40 (median, 4.72 cells/mm2), and
LAG3 (median, 31.10 cells/mm2). Checkpoints IDO-1 and VISTA in T-cells and TIM3 in B-cells were
observed in low densities. Other T and B subcellular populations were identi�ed and clustered using co-
expression of the markers across panels, as shown in Fig. 2, illustrating the variability of T-cell and B-cell
phenotypes in NSCLC, in particular with checkpoint inhibitors. We did not detect T-cells or B-cells
expressing B7-H4. Compared with SCC, we observed signi�cantly higher densities of CD3 + CD8 + 
cytotoxic T-cells, CD3 + CD45RO + memory T-cells, CD3 + CD8 + CD45RO + cytotoxic memory T-cells, CD3 
+ IDO-1 + T-cells, and CD3 + TIM3 + cells in ADC. In contrast, signi�cantly higher densities of CD3 + PD-L1 
+ and CD3 + CD8 + PD-1 + PD-L1 + antigen-experienced PD-L1 cytotoxic T-cells were observed in SCC than
in ADC (Supplementary Table 4, Supplementary Fig. 1).

Macrophages and Myeloid-Derived Suppressor Cell (MDSC)
Phenotypes
Myeloid cell populations, including tumor-associated macrophages (TAMs), type II TAMs, and MDSCs,
were detected. High densities of CD68 + TAMs (median, 318.32 cells/mm2), CD68 + CD11b + myeloid
dendritic cells (median, 231.11 cells/mm2), CD66b + PMNs (median, 83.79 cells/mm2), CD66b + CD11b + 
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immature PMNs (median, 33.58 cells/mm2), and CD11b + CD66b + CD33 + granulocytic myeloid-derived
suppressor cells (MDSC-PMNs; median, 11.44 cells/mm2) were observed in NSCLC, suggesting an
important myeloid-suppressive component in these tumors. Other myeloid cells such as CD68 + Arg-1 + 
type II TAMs, CD68 + Arg-1 + CD11b + immature type II TAMs, and CD11b + Arg-1 + CD14 + CD33 + 
monocytic MDSCs were observed, but in low densities (Supplementary Table 4). Signi�cantly higher
densities of CD68 + CD11b + myeloid dendritic cells, as well as CD66b + PMNs and CD11b + CD66b + 
immature PMNs, were observed in SCC than in ADC (Supplementary Fig. 1, Supplementary Table 4).

Patterns of Cellular Distribution in the Tumor
Microenvironment
After comparing the empirically derived G function curves from T-cells, B-cells, PMNs, and macrophages
(as critical markers) with the theoretical Poisson function curve, we identi�ed two patterns of distribution:
mixed or heterogeneous (score ranging from − 10 to 10; Fig. 3A) and unmixed or clustering (score > 10;
Fig. 3B), independent of histologic type (ADC or SCC). We found that 17 of 35 expected cell phenotypes
had a mixed pattern and 17 had an unmixed pattern, in both ADC and SCC, Table 1. Furthermore, only
CD3 + CD45RO + FOXP3 + memory regulatory T-cells showed signi�cantly different patterns between ADC
and SCC (i.e., mixed pattern in ADC and unmixed in SCC; Table 1). In both histologic types, most of the
cell phenotypes showing an unmixed pattern were immunosuppressive, including T-cells, B-cells, and
macrophages expressing immune checkpoint markers and MDSC phenotypes. In addition, we identi�ed
two groups of cell phenotypes using this approach: cells in direct contact with malignant cells
(suppressive T-cells and MDSC-PMNs) showing a mixed pattern, and cells with less contact with
malignant cells (including macrophages, suppressor macrophages, cytotoxic T-cells, and memory T-cells;
Fig. 3C) showing an unmixed pattern, suggesting that the tumor microenvironment in most cases is
immunosuppressive.

Table 1. Patterns of cellular distribution according to histologic type.   
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Panel Phenotype Pattern of malignant cells* P†

NSCLC Adenocarcinoma Squamous cell
carcinoma

1 CD3+ 27.96 25.05 38.86 0.942

CD3+CD8+ 25.81 24.03 31.92 0.902

CD3+PD-1+ 16.53 12.17 23.92 0.132

CD3+PD-L1+ 20.19 19.45 22.64 0.386

CD3+CD8+PD-1 3.20 2.89 4.79 0.996

CD3+CD8+PD-L1+ 11.07 10.82 13.02 0.769

CD3+PD-1+PD-L1+ 5.87 5.65 7.59 0.504

CD3+CD8+PD-1+PD-L1+ 2.18 2.05 2.19 0.631

CD68+ 17.50 15.55 21.86 0.334

CD68+PD-L1+ 9.33 8.10 9.81 0.889

2 CD3+ 27.30 22.98 37.84 0.933

CD3+CD8+ 29.88 27.20 37.36 0.644

CD3+CD8+GZB+ 0.36 -0.04 0.89 0.372

CD3+CD45RO+ 35.84 30.14 48.40 0.933

CD3+CD8+CD45RO+ 31.10 25.35 41.40 0.294

CD3+CD8negFOXP3+ 29.55 26.75 37.41 0.428

CD3+CD45RO+FOXP3+ 24.30 8.92 14.80 <0.001

3 CD3+ 29.14 28.38 32.00 0.260

CD3+B7-H3+ 26.49 25.31 28.83 0.816

CD3+B7-H4+ 7.01 5.37 14.39 0.010

CD3+IDO-1+ 28.04 26.57 30.28 0.837

CD3+PD-L1+ 30.27 28.75 32.32 0.230

CD3+VISTA+ 17.22 15.04 21.16 0.274

4 CD3+ 21.00 20.33 28.00 0.633

CD3+ICOS+ 12.00 11.59 14.00 0.647

CD3+LAG3+ 22.30 19.03 29.50 0.633

CD3+OX40+ 6.35 4.84 9.50 0.232
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CD3+TIM3+ 4.07 5.22 3.00 0.261

CD20+ 6.05 4.14 9.00 0.314

CD20+ICOS+ 4.11 2.15 7.00 0.342

CD20+OX40+ 3.00 2.82 3.50 0.954

CD20+TIM3+ 1.72 1.91 1.00 0.797

CD20+LAG3+ 10.89 8.95 15.50 0.280

5 CD68+ 19.64 17.31 24.76 0.884

CD68+Arg-1+ 1.20 0.61 2.00 0.740

CD68+Arg-1+CD11b+ 1.07 0.45 2.00 0.893

CD68+CD11b+ 21.84 18.95 26.81 0.365

CD66b+ 3.54 2.13 6.32 0.186

CD11b+CD66b+ 4.00 2.54 8.50 0.720

CD11b+Arg-
1+CD14+CD33+

1.19 1.11 1.58 0.780

CD11b+CD66b+CD33+ 3.00 1.96 6.00 0.113

Note: NSCLC, non-small cell lung cancer.

*A score of -10 to 10 indicates a mixed pattern, and a score >10 indicates an unmixed pattern.

†P values indicate comparison between adenocarcinoma and squamous cell carcinoma. 

Cellular Spatial Distances of TAICs from Malignant Cells in
the Tumor Microenvironment
Using the median nearest neighbor distance from malignant cells to various primary TAICs, we observed
that in NSCLC, the median distance from malignant cells to CD3 + T-cells was 36.46 µm; to CD20 + B-cells,
104.61 µm; to CD68 + macrophages, 42.24 µm; and to CD66b + PMNs, 87.24 µm (Table 2). We
characterized the subfamilies inside these median radii as close to malignant cells and those outside
these median radii as far from malignant cells. Using this dichotomy, we observed the proximity of T-cells
expressing inhibitory checkpoint markers, such as PD-L1, B7-H3, IDO-1, and LAG3, from malignant cells
expressing checkpoint inhibitors PD-L1, B7-H3, B7-H4, IDO-1, and OX40 (Supplementary Table 5). CD3 + 
CD8 + PD-1 + PD-L1 + antigen-experienced PD-L1 cytotoxic T-cells were located closer to the CK + PD-L1neg

malignant cells (median, 19.41 µm) than to CK + PD-L1 + malignant cells (median, 39.22 µm). Similarly,
CD3 + PD-L1 + cells were observed next to B7-H4 + malignant cells (median, 26.67 µm) and IDO-1 + 
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malignant cells (median, 24.07 µm). Although the median distance of CD68 + macrophages from
malignant cells was 42.24 µm, CD68 + macrophages and PD-L1 + macrophages were closer to PD-L1neg

malignant cells (median, 12.90 µm and 51.89 µm, respectively) than to PD-L1 + malignant cells (median,
42.31 µm and 119.71 µm, respectively), suggesting that inhibitory signals are closer to PD-L1neg

malignant cells than to PD-L1 + malignant cells.

Table 2. Median distances from malignant cells for various cell phenotypes according to histologic type.
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Panel Phenotype Median distance from malignant cells, µm P*

NSCLC Adenocarcinoma Squamous cell
carcinoma

1 CD3+ 29.28 38.38 26.88 0.002

CD3+CD8+ 68.99 58.62 61.36 0.003

CD3+PD-1+ 104.31 113.53 99.03 0.181

CD3+PD-L1+ 105.56 105.02 105.56 0.870

CD3+CD8+PD-1 220.89 245.71 203.72 0.163

CD3+CD8+PD-L1+ 218.69 218.69 216.45 0.551

CD3+PD-1+PD-L1+ 292.43 287.91 297.80 0.544

CD3+CD8+PD-1+PD-L1+ 350.48 337.23 367.32 0.389

CD68+ 42.01 44.52 37.57 0.168

CD68+PD-L1+ 113.40 111.04 113.41 0.778

2 CD3+ 30.42 27.66 42.28 <0.001

CD3+CD8+ 60.40 54.07 78.40 <0.001

CD3+CD8+GZB+ 240.62 243.26 238.91 0.576

CD3+CD45RO+ 91.15 75.96 125.49 <0.001

CD3+CD8+CD45RO+ 140.69 114.36 186.28 0.001

CD3+CD8negFOXP3+ 135.08 121.99 147.59 0.002

CD3+CD45RO+FOXP3+ 252.20 221.84 281.49 0.013

3 CD3+ 28.44 48.79 22.55 <0.001

CD3+B7-H3+ 57.52 191.96 48.42 0.154

CD3+B7-H4+ 173.56 382.67 173.56 0.052

CD3+IDO-1+ 43.59 374.84 38.70 0.002

CD3+PD-L1+ 125.09 135.49 115.57 0.203

CD3+VISTA+ 121.13 268.33 94.88 0.023

4 CD3+ 36.46 43.22 29.56 0.023

CD3+ICOS+ 105.15 113.21 102.80 0.362

CD3+LAG3+ 46.46 53.22 39.56 0.023

CD3+OX40+ 201.04 233.01 184.20 0.019
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CD3+TIM3+ 256.75 295.88 230.01 0.007

CD20+ 104.61 118.82 91.79 0.060

CD20+ICOS+ 257.72 277.59 232.22 0.084

CD20+OX40+ 305.35 353.03 266.19 0.041

CD20+TIM3+ 448.24 453.10 444.30 0.436

CD20+LAG3+ 158.94 204.55 147.82 0.017

5 CD68+ 42.24 43.05 40.60 0.513

CD68+Arg-1+ 367.65 323.11 412.70 0.007

CD68+Arg-1+CD11b+ 380.65 324.53 412.70 0.020

CD68+CD11b+ 51.81 51.13 52.30 0.613

CD66b+ 87.24 87.98 85.22 0.385

CD11b+CD66b+ 133.49 121.79 141.08 0.358

CD11b+CD66b+CD33+ 214.99 199.89 217.28 0.864

CD11b+Arg-
1+CD14+CD33+

433.09 428.94 446.70 0.956

Note: NSCLC, non-small cell lung cancer.

*P values indicate comparison between adenocarcinoma and squamous cell carcinoma.

Additionally, upon examining the radii from malignant cells to other distinct TAIC phenotypes, we
observed that CD3 + CD8 + cytotoxic T-cell, CD3 + CD45RO + memory T-cell, CD3 + CD8negFOXP3 + 
regulatory T-cell, B-cell, and myeloid cell subpopulations were located far from the malignant cells, as
shown in the heat maps in Fig. 3D-H. CD3 + CD8 + cytotoxic T-cells were close to CD3 + CD8negFOXP3 + 
regulatory T-cells (median, 26.73 µm), CD3 + CD45RO + memory T-cells (median, 40.83 µm), and CD3 + 
CD8 + CD45RO + cytotoxic memory T-cells (median, 43.05 µm), suggesting a possible inhibitory action
from this T-cell phenotype to cytotoxic and memory T-cells (Supplementary Table 4). Furthermore, we
observed that cytotoxic T-cells, memory T-cells, cytotoxic memory T-cells, regulatory T-cells, and effector
memory T-cells were signi�cantly closer to malignant cells in ADC than in SCC. In contrast, a considerably
closer distance from malignant cells to T-cells expressing IDO-1, VISTA, LAG3, OX40, and TIM3 and B-
cells expressing OX40 and LAG3 was observed in SCC compared with ADC. Closer distances between
type II macrophages and monocytic MDSCs were detected in SCC than in ADC (Table 2), suggesting that
SCC has more suppressive cell phenotypes relatively close to malignant cells than does ADC.

Cellular Immunologic Distribution Landscape
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By combining the cellular distribution patterns with the median distances of TAICs from malignant cells,
we identi�ed four cellular immunologic distribution groups for each cell phenotype across the panels:

Group 1. Mixed pattern with close median distances to the malignant cells

Group 2. Mixed pattern with long median distances to the malignant cells

Group 3. Unmixed pattern with close median distances to the malignant cells

Group 4. Unmixed pattern with long median distances to the malignant cells

[⇓Au: this sentence is repeated above] Supplementary Table 6 shows the cellular immunologic
distribution of the main cell populations, CD3 + T-cells, CD20 + B-cells, CD68 + macrophages, and CD66b 
+ PMNs.

The predominant cellular immunologic distribution for CD3 + T-cells was group 2 (mixed pattern with long
median distances to malignant cells), which was observed in 31.6% of ADC specimens, followed by
group 4 (unmixed pattern with long median distances to the malignant cells), which was observed in
24.9% of SCC specimens. CD20 + B-cells did not show any predominant cellular immunologic distribution
in either ADC or SCC. For CD68 + macrophages, group 2 and 4 were the predominant cellular
immunologic distribution in ADC (18.6% of specimens), followed by group 2 (16.9% of specimens). The
dominant cellular immunologic distribution of CD68 + macrophages in SCC was group 3 (13.6% of
specimens), followed by group 2 (11.0% of specimens). For CD66b + PMNs, group 1 (mixed pattern with
close median distances to the malignant cells) was the predominant cellular immunologic distribution
(24.0% of ADC samples), followed by group 3 (unmixed pattern with close median distances to malignant
cells, 20.8% of ADC samples). In contrast, in SCC, the predominant cellular immunologic distribution for
CD66b + PMNs was group 3 (16.9% of samples), followed by group 2 (11.0% of samples).

Association of Cellular Distribution Patterns and Spatial
Metrics of TAICs with Clinical Variables
To study associations between clinical variables and cellular patterns of distribution and spatial cellular
distances from malignant cells, we used the comparison of the G function curve with the theoretical
Poisson curve and the median distance from malignant cells to various cell phenotypes.

Using the cellular patterns of distribution, in ADC specimens from patients who were smokers, a mixed
pattern of CD3 + T-cells was observed compared with specimens from patients who were nonsmokers. In
contrast, an unmixed pattern of CD3 + CD8 + CD45RO + cytotoxic memory T-cells was observed in
specimens from smokers compared with nonsmokers (Fig. 4A). Compared with smaller tumors (≤ 3.15
cm; the median within the group was used as a cutoff for tumor size comparisons), ADC tumors > 3.15
cm showed a mixed pattern of CD3 + PD-L1 + cells (Fig. 4B). ADC KRAS-mutant tumors showed a mixed
pattern of CD68 + PD-L1 + cells compared with wild-type tumors (Fig. 4C). In SCC, tumors > 3.8 cm
showed an unmixed pattern of CD11b + CD66b + CD33 + MDSC-PMNs compared with tumors ≤ 3.8 cm
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(Fig. 4D). Also in SCC, patients who received adjuvant therapy after surgery had tumors with a
predominantly unmixed pattern of CD3 + PD-1 + PD-L1+, CD3 + ICOS+, and CD11b + CD66b + CD33 + cells
compared with those from patients who did not receive adjuvant therapy after treatment (Fig. 4E).

In ADC specimens from smokers, we observed a close median distance from malignant cells to
suppressive TAIC phenotypes such as PD-L1 + T-cells, CD3 + CD8 + PD-L1 + cytotoxic T-cells, type II
macrophages, and MDSC-PMNs. ICOS + B-cells were close to malignant cells. In ADC specimens from
nonsmokers, malignant cells were located close to CD3 + CD8negFOXP3 + regulatory T-cells, CD3 + CD8 + 
cytotoxic T-cells, and CD3 + CD45RO + memory T-cells (Fig. 5A).

Among ADC specimens, tumors ≤ 3.15 cm showed CD3 + CD8 + cytotoxic T-cells, CD3 + CD8 + CD45RO + 
FOXP3 + cytotoxic memory T-cells, CD3 + CD8negFOXP3 + regulatory T-cells, CD3 + CD45RO + memory
regulatory T-cells, IDO-1 + T-cells, B-cells, and LAG3 + B-cells located closer to malignant cells than in the
larger tumors (Fig. 5B). In SCC, tumors larger than the median (> 3.8 cm) showed closer distances from
malignant cells to macrophages and IDO-1 + T-cells than did smaller tumors (Fig. 5G). In ADC specimens
from patients who received adjuvant therapy after surgery, we observed closer proximity from malignant
cells to CD3 + CD8 + PD-1 + PD-L1 + cytotoxic T-cells and to PD-L1 + macrophages than in specimens from
patients who did not receive adjuvant therapy (Fig. 5C).

Close distances from malignant cells to TIM3 + B-cells were observed in stage II ADC specimens.
Likewise, close distances from cytotoxic CD3 + CD8 + T-cells to PD-L1 + macrophages were observed in
stage II and III specimens. Moreover, close distances from cytotoxic CD3 + CD8 + T-cells to CD3 + 
CD8negFOXP3 + regulatory T-cells were observed in stage I and II specimens (Fig. 5D).

EGFR-mutant tumors had closer distances from malignant cells to CD3 + PD-1 + PD-L1 + T-cells and from
CD3 + CD8 + activated cytotoxic T-cells to CD3 + CD8negFOXP3 + regulatory T-cells than did wild-type
tumors in ADC. In addition, KRAS-mutant tumors had closer distances from malignant cells to MDSC-
PMNs than did wild-type tumors (Fig. 5E, F).

Associations between Cellular Patterns and Distances and
Patient Outcomes
We next examined whether cellular distribution patterns of TAICs or TAIC distances to malignant cells
were associated with patient outcomes. Univariate analysis of cellular distribution patterns (Fig. 6A)
showed that the unmixed pattern of CD11b + Arg-1 + CD14 + CD33 + MDSC-PMNs was associated with
poorer RFS than the mixed pattern in ADC (Supplementary Fig. 2A). Also in ADC, we observed that the
mixed pattern of CD20 + TIM3 + B-cells was associated with worse OS than the unmixed pattern of this B-
cell phenotype (Fig. 6B). In contrast, unmixed patterns in CD66b + PMNs and CD11b + Arg-1 + CD14 + 
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CD33 + MDSC-PMNs were associated with worse OS than mixed patterns in ADC (Fig. 6C, D). In SCC, the
mixed pattern in CD3 + PD-L1 + T-cells and CD3 + CD8 + GZB + activated cytotoxic T-cells was associated
with better RFS than the unmixed pattern (Supplementary Fig. 1B, C). However, the mixed pattern in CD3 
+ VISTA + T-cells was associated with poorer OS than the unmixed pattern for this cell phenotype (Fig.
6E).

Using distances from malignant cells to TAICs (Fig. 6F), univariate analysis in our cohort showed that
long distances from malignant cells to CD66b + PMNs and to CD11b + Arg-1 + CD14 + CD33 + MDSC-
PMNs in ADC were associated with better RFS than were close distances (Supplementary Fig. 2D, E). In
SCC, long distances from malignant cells to CD3 + PD-L1 + T-cells and close distances from malignant
cells to CD3 + ICOS + T-cells were associated with better RFS (Supplementary Fig. 2F, G). Furthermore,
close distances from malignant cells to CD3 + CD8 + cytotoxic T-cells, CD3 + CD8 + GZB + activated
cytotoxic T-cells, and CD68 + macrophages were associated with better OS than long distances in ADC
(Fig. 6G-I). In contrast, close distances from malignant cells to CD3 + B7-H3 + T-cells were associated with
worse OS than long distances (Fig. 6J).

Next, we studied the effects of the four groups of cellular immunologic distribution, combining cellular
patterns of TAIC distribution with TAIC distances from malignant cells, on patient outcomes
(Supplementary Fig. 3). Univariate analysis of these four groups showed that the mixed pattern of CD3 + 
T-cells with close or long distances to malignant cells and the unmixed pattern with close distances
(groups 1, 2, and 3) were associated with better RFS than the unmixed pattern with long distances to
malignant cells in ADC (group 4; Supplementary Fig. 3A). In SCC, an unmixed pattern of CD3 + PD-L1 + 
cells with close distances to malignant cells was associated with better RFS compared with the other
three groups of cellular immunologic distribution (Supplementary Fig. 3B). In addition, the mixed pattern
of CD3 + ICOS + cells with close distances to malignant cells (group 1), as well as the mixed pattern with
long distances and unmixed pattern with close distances (groups 2 and 3), was associated with better
RFS compared with the unmixed pattern with long distances (group 4) in ADC. We also found that a
mixed pattern of CD3 + T-cells with close distances to malignant cells (group 1) was associated with
better OS compared with the other immunologic distribution groups, especially the unmixed pattern with
long distances to malignant cells (group 4), in ADC. However, for CD68 + macrophages, groups 2 and 3
were associated with better OS compared with group 4 in ADC.

Finally, we analyzed the four cellular immunologic distribution groups in a Cox proportional hazards
regression model adjusted for histologic type, smoking status, tumor size, KRAS mutation status, and
EGFR mutation status. As shown in Supplementary Table 7, patients with a mixed pattern of CD3 + IDO-1 
+ T-cells with close distances to malignant cells (group 1) had worse OS than those with the group 4
cellular immunologic distribution. Factors associated with better OS included wild-type EGFR, mixed
pattern of CD3 + CD45RO + memory T-cells with close distances to malignant cells, and mixed pattern of
CD68 + macrophages with long distances to malignant cells.
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Discussion
In the current study, we analyzed a TMA set containing tumor specimens obtained from a large cohort of
patients with stage I-III NSCLC using 23 markers, including T-cell, B-cell, immune checkpoint, and myeloid
cell markers, placed in 5 mIF panels. Cord plots and UMAP clusters based on marker co-expression were
used to visualize different TAIC phenotypes across different panels. In addition, we identi�ed rare cell
types, showing the diversity of cell populations in NSCLC. Immune checkpoints expressed by malignant
cells were observed in several combinations within specimens, as well as in TAICs across specimens.
Overall, we observed two patterns of cellular distribution—mixed and unmixed—related to T-cells, B-cells,
macrophages, and PMNs as the main cell phenotypes. Cellular patterns of distribution, as well as the
distance between malignant cells and various cell phenotypes, showed different associations with
clinicopathologic characteristics, including smoking status, tumor size, �nal tumor stage, adjuvant
therapy, and mutational status. Kaplan-Meier survival curves showed that patterns and distances from
malignant cells to different cell phenotypes were also associated with OS and RFS. Finally, we identi�ed
four groups of cellular immunologic patterns, which were also associated with OS and RFS in univariate
analysis and Cox proportional hazards regression models.

We found that malignant cells expressing B7-H3 were most commonly observed in NSCLC, followed by
malignant cells expressing PD-L1, OX40, B7-H4, and IDO-1. These checkpoints have adverse regulatory
functions over T lymphocytes (21–24). Other immune checkpoints observed in our cohort, such as OX40
and ICOS, have co-stimulatory signals for T-cell activation in normal and pathologic conditions (25–27).
Cords plots and UMAP plots showed that various TAICs and malignant cells could express these
checkpoints. Although it was thought for a long time that OX40 expression was restricted to activated
conventional T-cells, other TAICs, including malignant cells, have since been shown to express this marker
(28). Overall, we observed higher densities of immune checkpoint markers in SCC than in ADC,
particularly PD-L1, B7-H3, and B7-H4, showing that these immune checkpoints are predominantly
expressed in solid tumors (29), creating a more immunosuppressive microenvironment. It is clear that in
NSCLC, these immune checkpoint pathways are expressed simultaneously and are an essential
mechanism of immune resistance against T-cell response (30, 31). Our �ndings con�rm that malignant
cells could express more than one checkpoint marker simultaneously, indicating that lung tumors can use
more than one pathway to avoid the immune system (32, 33). Immune checkpoints are essential
regulators of the immune system, initiating a productive immune response, preventing the onset of
autoimmunity, or using tumors to avoid the immune system (34). In agreement with other studies (31),
our results show that TAICs and malignant cells essentially drive these suppressive pathways. This
knowledge of simultaneous co-expression can guide the study of rational combinations of agents for
potential new therapeutic approaches.

Although we observed overall increased amounts of CD3 + CD8 + cytotoxic T-cells, CD3 + CD45RO + 
memory T-cells, CD3 + CD8 + CD45RO + cytotoxic memory T-cells, and CD20 + B-cells in the NSCLC
specimens, we also detected a number of TAICs expressing co-inhibitory and co-stimulatory signatures,
including PD-1, LAG3, TIM3, FOXP3, ICOS, and OX40, in higher amounts in SCC than in ADC. Similarly, we
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observed that CD68 + macrophages, CD68 + CD11b + myeloid dendritic cells, and CD66b + PMNs were
more predominant in SCC than in ADC. These observations suggest that various immunosuppressive
cells are present in these tumors, possibly re�ecting their relation to other factors such as smoking status
or chronic obstructive pulmonary disease, increasing these cell populations as described previously (35).
Although myeloid cell phenotypes such as CD68 + Arg-1 + type II macrophages, CD68 + Arg-1 + CD11b + 
type II immature tumor-associated macrophages, CD66b + CD11b + immature PMNs, Arg-1 + CD33 + 
CD14 + CD11b + monocytic MDSCs, and CD33 + CD66b + CD11b + MDSC-PMNs were observed in low
densities, these were also present, playing their immunosuppressive roles (36).

By mapping the spatial organization of the TAICs as previously described (17), we observed mixed and
unmixed cellular distribution patterns. Likely related to the dysfunctional signature observed in
melanoma tumor tissues (37), we observed two groups of cells in relation to malignant cells: an
immunosuppressive group, which has a mixed pattern indicating close interaction with malignant cells,
and an immunoprotective group, which has an unmixed pattern with apparently less interaction with
malignant cells. This immunoprotective group included CD3 + CD8 + cytotoxic T-cells, CD3 + CD8 + 
CD45RO + cytotoxic memory T-cells, CD3 + CD45RO + memory T-cells, and CD68 + macrophages.

Analysis of nearest neighbor median distance from malignant cells to CD3 + T-cells and macrophages
showed that CD68 + cells are closer to malignant cells than are CD20 + B-cells and CD66b + PMNs.
Although CD3 + CD8 + cytotoxic T-cells were among the most abundant cells in both ADC and SCC
specimens, not many of these were close to malignant cells. In contrast, T-cells expressing PD-L1, B7-H3,
B7-H4, IDO-1, and OX40 were located close to the malignant cells, suggesting that the distances from
malignant cells and pattern of distribution, rather than the density of these cells, plays a critical role in
cancer. Interestingly, CD3 + CD45RO + memory T-cells, CD3 + CD8negFOXP3 + regulatory T-cells, B-cells,
and most myeloid cells were located far from malignant cells. However, CD3 + CD8negFOXP3 + regulatory
T-cells play a solid immunosuppressive role in the tumor environment by releasing inhibitory cytokines
(38), facilitating the action of other cell inhibitors. Cellular distribution patterns and cellular distances are
not frequently studied and are not very well understood, but these patterns can give us essential
information about tumor tissue biological processes related to different tumor characteristics (39).

The association of cellular distribution patterns with clinicopathologic features has not been previously
described, and we believe that this information can help us better understand the biological behavior of
tumors. For example, we observed that ADC specimens from smokers overall had a mixed pattern of
distribution of CD3 + T cells and an unmixed pattern of CD3 + CD8 + CD45RO + effector memory T-cells.
The largest ADC tumors showed an unmixed pattern of CD3 + PD-L1 + cells. In ADC KRAS-mutant tumors,
we observed a mixed pattern of CD68 + PD-L1 + cells. In SCC, we observed changes in cellular distribution
patterns predominantly in MDSC populations, which showed a mixed pattern of CD11b + CD66b + CD33 
+ cells in smaller tumors. Patients who received adjuvant therapy also had tumors with an unmixed
pattern of malignant cells, with several T-cell inhibitory proteins and MDSC populations. ADC specimens
from smokers also showed a close median distance from malignant cells to PD-L1 + T-cells, CD3 + CD8 + 
PD-L1 + cytotoxic T-cells, M2 macrophages, and MDSC-PMNs. This can be interpreted as tobacco’s
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immunosuppressive effect on the tumor microenvironment (35). In contrast, ADC specimens from
nonsmokers showed close median distances from malignant cells to CD3 + CD8negFOXP3 + regulatory T-
cells and, most importantly, from CD3 + CD8 + cytotoxic T-cells and CD3 + CD45RO + memory T-cells to
CD3 + CD8negFOXP3 + regulatory T-cells, suggesting a different mechanism of inhibition than that
observed in tumors from smokers.

Small tumors in ADC showed closer proximity from malignant cells to CD3 + CD8 + cytotoxic T-cells, CD3 
+ CD8 + CD45RO + cytotoxic memory T-cells, CD3 + CD8negFOXP3 + regulatory T-cells, CD3 + CD45RO + 
FOXP3 + memory regulatory T-cells, IDO-1 + T-cells, IDO-1 + B-cells, and LAG3 + B-cells compared with the
larger tumors, suggesting that small tumors are more enriched in inhibitory signals. In SCC, large tumors
showed closer distances from malignant cells to CD68 + macrophages and IDO-1 + T-cells than did small
tumors. Furthermore, in ADC, stage II tumors showed closer proximity from malignant cells to TIM3 + B-
cells than did stage III tumors, and stage I tumors showed closer proximity from cytotoxic T-cells to PD-
L1 + macrophages and regulatory T-cells than did stage II tumors, suggesting changes according to the
stage of the tumor. In tumors from patients who received adjuvant therapy after surgery, we observed
closer distances from malignant cells to PD-1 + PD-L1 + cytotoxic T-cells and PD-L1 + macrophages than
in tumors from patients who did not receive adjuvant therapy. This �nding indicates that these markers
could aid in the decision to administer adjuvant therapy, together with the current recommendations (40).

We found that distribution patterns and distances from malignant cells to different cell phenotypes could
be associated with outcomes. Limited penetration among malignant cells, indicated by an unmixed
pattern of distribution of MDSC-PMNs, was associated with poor RFS, and an unmixed pattern of CD66b 
+ PMNs and MDSC-PMNs was associated with poor OS in ADC. These �ndings suggest that these cell
phenotypes are acting as a barrier, limiting the actions of other activated T-cells. MDSCs are known to
suppress T-cell activation and toxicity using various mechanisms (41). Although TIM3 has been reported
in several T-cell populations, as well as dendritic cells and monocytes (42), we observed that a subset of
CD20 + B-cells co-expressed coinhibitory molecules such as TIM3, and a mixed pattern of distribution
was associated with poor OS. The action of TIM3 and other inhibitor molecules on this type of cell is
unknown, and further investigation will be needed to understand the implications of these co-expression
patterns. A mixed pattern of CD3 + CD8 + GZB + activated cytotoxic T-cells was associated with better
RFS, suggesting that the interaction of these cells with malignant cells could prevent tumor recurrence in
SCC. In contrast, a mixed pattern of CD3 + VISTA + T-cells was associated with poor OS, showing that the
distribution of these cells next to malignant cells increases their immunosuppressive action. VISTA has a
potential immunosuppressive in�uence on the tumor microenvironment for several types of T-cells in
various cancers, including NSCLC, and immunotherapy targeting this protein is currently under
investigation (43).

It is known that most, if not all, malignancies trigger an innate in�ammatory response that builds up a
pro-tumorigenic microenvironment that can resist treatment (44). This suggests that the close proximity
of immunosuppressive cells to malignant cells and increased interactions between these cells in NSCLC,
as we observed in the current study, enable tumors to avoid the immune system. In ADC, we also
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observed that EGFR-mutant tumors had a signi�cantly closer median distance from malignant cells to
PD-1 + PD-L1 + T-cells and from CD3 + CD8 + GZB + activated cytotoxic T-cells to CD3 + CD8negFOXP3 + 
regulatory T-cells than did wild-type tumors. Compared with wild-type tumors, KRAS-mutant tumors
showed closer distances from malignant cells to MDSC-PMNs, suggesting that mutational status affects
cellular distribution.

Kaplan-Meier curves showed that in ADC, close distances from malignant cells to PMNs and MDSC-
PNMs are associated with worse RFS than long distances. In SCC, close distances from malignant cells
to PD-L1 + T-cells and long distances to ICOS + T-cells were associated with worse RFS. Our data also
showed that close proximity of malignant cells to CD3 + CD8 + cytotoxic T-cells, CD3 + CD8 + GZB + 
activated cytotoxic T-cells, and macrophages was associated with better OS than long distances in ADC,
suggesting that the cell-to-cell proximity of these cells mitigates the suppressive effect of inhibitory cells
and supporting the �ndings of Barua et al (45). We also found that close distance from malignant cells to
B7-H3 + T-cells was associated with worse OS. This suggests that the cellular spatial distribution of
speci�c cell phenotypes is an independent factor associated with poor or better prognosis and can be
used to select combinations of therapeutic strategies and determine patient prognosis (39), not only in
NSCLC but also in other cancers (12).

Finally, by combining patterns of cellular distribution with cellular distances, we identi�ed four groups of
cellular immunologic patterns. In univariate analysis, we found that an unmixed pattern of CD3 + T-cells
with long distances from malignant cells was associated with poor OS and RFS in ADC, and an unmixed
pattern of CD68 + with long distances from malignant cells was associated with poor OS. An unmixed
pattern of CD3 + PD-L1 + cells with close distances from malignant cells and a mixed pattern of CD3 + 
ICOS + cells with close distances from malignant cells were associated with better RFS. ICOS is known to
have a dual role; co-stimulation confers an anticancer response, but ICOS signaling also engages
regulatory T-cell activity induction (46), suggesting that the location and distribution of ICOS + cells can
in�uence the activation of one of its roles. Furthermore, in multivariable analysis, a mixed pattern of CD3 
+ IDO-1 + cells with close distances to malignant cells was identi�ed as an independent marker
associated with poor OS, suggesting that location and distance of IDO1 + cells from malignant cells can
drive an immunosuppressive microenvironment, which may be responsible for the resulting poor
prognosis. IDO expression has been detected in various TAIC populations and has been shown to be
related to lung cancer progression (47). In contrast, wild-type EGFR, a mixed pattern of CD3 + CD45RO + 
memory T-cells with close distances to malignant cells, and a mixed pattern of CD68 + macrophages with
long distances to malignant cells were associated with better OS in multivariable analysis, suggesting
that not only cellular patterns of distribution but also distance from malignant cells can in�uence
outcomes. These �ndings highlight the importance of better understanding the complex relationships
between malignant cells and immune cells in terms of their spatial distribution to direct the study of new
therapeutic approaches.

The current study has some limitations. First, although our NSCLC specimens were collected
retrospectively, which allowed us a large enough sample to examine varying cell phenotypes, those
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phenotypes were displaced in different independent mIF panels, which limited the integration of the
different cell phenotypes. Second, most of the patients from our cohort were smokers, which can
in�uence the analysis between nonsmokers and smokers. Lastly, our specimens were placed in TMA
format, which may induce under- or overrepresentation of the marker levels and spatial distribution owing
to tumor heterogeneity.

In summary, our data showed that tumor cells and TAICs could produce multiple inhibitory factors in
NSCLC. In studying the spatial distribution of various cellular populations, we could identify other
associations between these cells and clinicopathologic variables in surgically resected ADC and SCC
specimens. In addition, we identi�ed several associations between speci�c cellular patterns of
distribution and their distances that can negatively or positively in�uence patient outcomes; however,
validation of our �ndings using a similar cohort of patients is needed.
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Figures

Figure 1

Representative examples of multispectral images from non-small cell lung cancer tissue microarray
specimens, with a chord diagram of the markers. Composite spectral mixing images from multiplex
immuno�uorescence (mIF; 20× magni�cation) is shown for (A) panel 1: cytokeratin (CK), CD3, CD8, PD-1,
PD-L1, and CD68; (B) panel 2: CK, CD3, CD8, CD45RO, granzyme B (GZB), and FOXP3; (C) panel 3: CK,
CD3, PD-L1, B7-H3, B7-H4, IDO-1, and VISTA; (D) panel 4: CK, CD3, ICOS, LAG3, OX40, TIM3, and CD20;
and (E) panel 5: CK, Arg-1, CD11b, CD14, CD33, CD66b, and CD68. (F) Chord diagram visualization
showing the diversity of overall inter-relationships between co-expression of markers across the mIF
panels. The images were generated using Vectra-Polaris 3.0.3 scanner system and InForm 2.4.8 image
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analysis software (Akoya Biosciences), and the chord diagram was generated using R studio software
version 3.6.1.

Figure 2

Representative examples of multispectral images and uniform manifold approximation and projection
(UMAP) of clustering of cell types from non-small cell lung cancer tissue. Composite spectral mixing
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images from multiplex immuno�uorescence (mIF; 20× magni�cation) is shown colored marker co-
expression for (A) panel 1, (C) panel 2, (E) panel 3, (G) panel 4 and, (I) panel 5. Color-coded UMAP
visualizations show cell types identi�ed by mIF panels: (B) 13 major cell types identi�ed in panel 1, (D) 14
major cell types identi�ed in panel 2, (F) 27 major cell types identi�ed in panel 3, (H) 25 major cell types
identi�ed in panel 4, and (J) 12 major cell types identi�ed in panel 5. The images were generated using
Vectra-Polaris 3.0.3 scanner system and InForm 2.4.8 image analysis software (Akoya Biosciences) and,
UMAP visualizations were generated using Python v.3.8.9, and the mIF images were generated using
Vectra-Polaris 3.0.3 scanner system and InForm 2.4.8 image analysis software (Akoya Biosciences). 

Figure 3

Nearest neighbor distance G function and theoretical Poisson curve score graphs showing different
cellular patterns of distance from cytokeratin+ cells (malignant cells) to CD3+ T-cells and heat maps
representing distance patterns by histologic type. (A-B) Scoring system across tissue specimens and
threshold to be considered part of the mixed (A) or unmixed (B) pattern. Graphs represent the scoring
system (left), point pattern distributions related to the major T-cell population (middle), and G function
and theoretical Poisson curve area (right). (C) Model interaction based on the G function and theoretical
Poisson curve score, showing two different groups of interaction between speci�c phenotypes and
malignant cells. Cell phenotypes with a score of -10 to 10 were characterized as having a
mixed/heterogeneous pattern indicating more interaction with malignant cells, and cell phenotypes with a
score of >10 were characterized as having an unmixed/clustering pattern indicating less interaction with
malignant cells. Distance heat maps representing the most common tumor-associated immune cells near
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malignant cells (CK+) for each panel and histologic type for (D) show panel 1, (E) panel 2, (F) panel 3, (G)
panel 4 and (H) panel 5. Graphs and heat maps were generated using R studio software version 3.6.1. 

Figure 4

Violin plots showing associations between patterns of immune cell distribution and clinicopathologic
features. Signi�cant cellular distribution scoring patterns between immune cells and malignant cells are
shown by (A) smoker status, (B) tumor size, and (C) KRAS mutation status for lung adenocarcinoma
specimens. Signi�cant cellular distribution scoring patterns between malignant cells and immune cells
are shown by (D) tumor size and (E) adjuvant therapy for lung squamous cell carcinoma specimens.
Graphs were generated using GraphPad Prism v.9.0.0. 
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Figure 5

Violin plots showing associations between distances of immune cell populations from malignant cells
and clinicopathologic features. Signi�cant differences in distance between malignant cells and immune
cells are shown by (A) smoker status, (B) tumor size, (C) adjuvant therapy, (D) �nal stage, and (E, F)
mutation status in lung adenocarcinoma specimens. (G) Signi�cant differences in distances between
malignant cells and immune cells by tumor size are shown for lung squamous cell carcinoma specimens.
Graphs were generated using GraphPad Prism v.9.0.0. 
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Figure 6

Kaplan‐Meier analysis of overall survival (OS) by cellular patterns of distribution and distance from
malignant cells to various immune cell subpopulations. (A) Composite spectral mixing images from
multiplex immuno�uorescence and illustration of the two different patterns of distribution, mixed and
unmixed. Red lines indicate mixed pattern and blue lines indicate unmixed pattern between malignant
cells and (B) CD20+TIM3+ B-cells, (C) CD66b+ granulocytes (PMNs), and (D) CD11b+Arg-1+CD14+CD33+
granulocytic myeloid-derived suppressor cells (MDSC-PMNs) in lung adenocarcinoma specimens and (E)
CD3+VISTA+ T-cells in lung squamous cell carcinoma specimens. (F) Composite spectral mixing images
from multiplex immuno�uorescence and illustration of the distance metrics from malignant cells to
different immune cells. Blue lines indicate long (>median) distances and red lines indicate close
(≤median) distances from malignant cells to (G) CD3+CD8+ cytotoxic T-cells, (H) CD3+CD8+GZB+
activated cytotoxic T-cells, (I) CD68+ macrophages, and (J) B7-H3+ T-cells in lung adenocarcinoma
specimens. The images were generated using Vectra-Polaris 3.0.3 scanner system and InForm 2.4.8
image analysis software (Akoya Biosciences) and Kaplan‐Meier curves were generated using R studio
software version 3.6.0
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