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SUMMARY

The tumor microenvironment is composed of diverse immune populations that can either support anti-tumor 
immunity or promote tumor progression. Myeloid cells are major drivers of immunosuppression, yet thera-

pies targeting them have shown limited success. To uncover mechanisms underlying myeloid-driven immune 
suppression, we performed spatial multi-omics analyses of non-small cell lung cancer (NSCLC). Independent 
of oncogenic driver status, tumors stratify into lymphoid-enriched, myeloid-enriched, and mixed immune-in-

filtrated subtypes. In tumor and adjacent non-malignant lungs, we identify myeloid-instructed CD14 + CD4 + 

T cells. These cells arise through trogocytosis adopting an atypical phenotype. In lymphoid-enriched tumors, 
high infiltration of CD14 + CD4 + T cells correlates with poor patient survival. Spatial transcriptomics reveal 
enrichment of tumor necrosis factor alpha (TNF-α) signaling in CD14 + CD4 + -T-cell-rich tumors. Functional as-

says demonstrate that TNF-⍺ enhanced trogocytosis, promoting the formation of CD14 + CD4 + T cells. These 
findings uncover a TNF-⍺-mediated mechanism of immunosuppression in the TME and highlight aberrant 
myeloid-T cell interactions as contributors to NSCLC progression.

INTRODUCTION

Histopathological analysis of cancer specimens is an essential part 

of clinical diagnosis to inform therapeutic decisions. Tissue archi-

tecture and cellular organization provide a layer of information crit-

ical for pathologists to make informed diagnoses. Similarly, the 

characterization of immune cell phenotypes and functional states 

in the physical context of a tumor is necessary to gain a broad un-

derstanding of cancer immunology. This knowledge is essential in 

non-small cell lung cancer (NSCLC) where immunotherapy has 

improved patient outcomes as single agent or in combination 

with chemotherapy. Yet, a number of patients do not respond to 

these treatments. 1,2 A comprehensive mapping of the complexity 

and heterogeneity of the cellular interactions in the tumor microen-

vironment (TME) driving tumor progression and relapse is still lack-

ing, hindering the development of therapies tailored to the specific 

characteristics of individual tumor ecosystems.

Tumor cell molecular characteristics such as tumor mutational 

burden (TMB) and programmed death ligand 1 (PDL1) expres-

sion are still heavily relied upon to determine patient prognostic

and therapeutic approaches. 3,4 However, recent studies 

demonstrate the importance of assessing the immune contex-

ture to understand tumor evolution 5,6 and for prognostic and 

therapeutic purposes. 7,8 Evaluation of immune cell composition 

and activity in NSCLC have been performed in small patient co-

horts using single-cell transcriptomics combined with cell sur-

face protein analyses. 9–12 Detailed evaluation of individual tumor 

cells and immune cells determined that the intersection between 

tumor cell-intrinsic factors, such as TP53 mutation and TMB, 

combined with immune cell characteristics may be used to bet-

ter predict response to immunotherapeutics. 12 However, these 

studies lack spatial resolution and information on how immune 

cell communities may influence immune and tumor cell behav-

iors. Recent work by Sorin et al. utilized imaging mass cytometry 

to profile the TME in LUAD and revealed that specific immune 

cell neighborhoods composed of B cells and T helper cells 

were associated with better patient outcomes. 13 Further ana-

lyses by this group to compare LUAD and LUSC spatial architec-

ture demonstrated the interactions between myeloid and 

lymphoid cells as a prominent feature of LUAD. 14 These studies
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highlight how cellular communities and their specific location, 

identified through spatial analysis, have a stronger biological 

impact than individual cells. Evaluating this spatial organization 

provides a new layer of information, akin to that utilized in 

anatomical pathology for diagnosis, to decipher tumor biology. 

Tumor-infiltrating myeloid-derived monocytes or neutrophils, 

called myeloid-derived suppressor cells, and tumor-associated 

macrophages are key drivers of immunosuppression in can-

cer. 15,16 While the role of myeloid cells in blocking anti-tumor im-

munity has been recognized for a long time, there has been 

limited success in large-scale clinical trials of therapies that 

modulate myeloid cell function. 17 Preclinical and translational 

studies in organ-specific tumor contexts are essential in under-

standing the many mechanisms by which myeloid cells drive 

immunosuppression in the TME and exploiting myeloid cell vul-

nerabilities to increase the success of myeloid-targeted thera-

pies. Recent studies have highlighted that myeloid-cell-medi-

ated immunosuppression can be initiated in early myeloid cell 

progenitor cells in the bone marrow, 18 as well as locally, within 

the TME, through the instruction of lymphoid cells. 19 LaMarche 

et al. 18 showed that basophil-derived interleukin (IL)-4 reprog-

rammed myeloid progenitor cells in the bone marrow of 

NSCLC tumor-bearing mice, supporting the differentiation of tu-

mor-promoting myeloid cells. Depleting IL-4 signaling in myeloid 

progenitor cells in the bone marrow using conditional knockout 

mice reduced tumor burden. 18 Systemic inhibition of IL-4 with 

Dupilumab in combination with immune checkpoint inhibitors 

reduced circulating monocytes and increased CD8 + T cell infil-

tration in a small clinical trial, 18 demonstrating the effect of tumor 

cells beyond the local TME.

The impact of myeloid cells in modulating local adaptive im-

munity was evaluated by Pallett et al. 19 where they described a 

subset of myeloid-instructed tissue-resident T cells present in 

the skin, lymph nodes, and liver. They showed that a subset of 

CD8 + , and in lower abundance CD4 + T cells, expressed the 

Toll-like receptor 4 (TLR4) coreceptor CD14, a canonical marker 

of myeloid cells and innate immunity. 19 These myeloid-in-

structed T cells were reprogrammed by the transfer of myeloid 

material to T cells upon direct contact between T cells and 

mononuclear phagocytes and were found to accumulate in hep-

atitis-B-virus-infected livers and in hepatocarcinomas. The exis-

tence and contribution of these myeloid-instructed T cells to 

anti-tumor immunity in solid tumors is still unknown.

Here, we applied multiplex ion beam imaging (MIBIscope) and 

spatial transcriptomic (GeoMx) to a clinically annotated cohort of 

NSCLC patient samples to identify cellular and molecular events 

controlling anti-tumor immunity. We demonstrated the existence 

of a subset of clonally expanded T cells expressing the myeloid 

marker CD14. Analysis of three distinct cohorts of NSCLC 

confirmed the existence of this discrete T cell subset in tumors 

and showed that high infiltration of CD14 + CD4 + T cells in the tu-

mor core in lymphoid-enriched cancers correlated with short-

term patient survival. CD4 + T cells acquired CD14 from myeloid 

cells by trogocytosis, resulting in an atypical T cell phenotype. 

Tumors enriched in myeloid-instructed CD14 + CD4 + T cells 

exhibited an upregulation of genes in the tumor necrosis factor 

alpha (TNF-⍺) signaling pathway. We showed that TNF-⍺ 
increased CD4 + T cell trogocytosis, augmenting the proportions

of myeloid-instructed T cells. TNF-⍺ is known to exert a number 

of pro-tumorigenic activities. 20,21 Here, we show that TNF-

⍺-induced trogocytosis and myeloid instruction of T cells may 

be an additional mechanism by which TNF-⍺ reduces anti-tumor 

immunity.

RESULTS

A longitudinal cohort of resected NSCLC with survival 

outcome

To study the features of anti-tumor immunity associated with 

patient outcome in resectable NSCLC, we utilized a bank of 

136 treatment-naı̈ve NSCLC samples (stage I–IIIa) for which 

we had up to 10 years of longitudinal clinical follow-up 

(Figure 1A). To characterize the cellular traits of the TME that 

may be associated with short or prolonged survival, we selected 

tissue samples from patients with an overall survival of less than

3 years or more than 6 years post-surgery to perform spatial pro-

teomics and spatial transcriptomics analyses. A total of 68 pa-

tients were analyzed, comprising 28 samples with less than 3 

years survival (21 LUAD and 7 LUSC) and 40 samples (26 

LUAD and 14 LUSC) with more than 6 years survival 

(Figure 1A). H&E images were annotated by a pathologist to 

select regions of interest (ROIs) for spatial single-cell proteomics 

using the MIBIscope and spatial transcriptomics using whole 

transcriptome profiling on the GeoMx. On each ROI, GeoMx 

enabled the analysis of the gene expression profile of tumor cells 

exclusively (area of illumination [AOI] panCK + cells) and the im-

mune compartment (AOI CD45 + cells) (Figure 1B). After quality 

control checks, a total of 920 field of views for MIBI (FOVs: 

400 × 400 μm, average of five per patient) and 234 matched 

AOIs (average of four per patient) on GeoMx were selected for 

further analysis corresponding to 64 patients (44 LUAD and 20 

LUSC; Figure 1A; Tables S1 and S2).

For spatial proteomic analysis with MIBI, a bespoke panel of 

38 conjugated antibodies was developed to identify tumor cells, 

immune cells, and fibroblasts and detail their functional state 

(Figure S1). Spatial analysis of cell communities in different tu-

mor compartments (core, border, and stroma) were classified 

based on a pixel classifier trained in QuPath 22 (Figure 1B). Using 

a XGboost machine learning method to classify cells, a total of 

384,808 cells were classified into epithelial cells, fibroblasts, 

and 10 major immune cell subpopulations: B cells, CD4 + con-

ventional T cells, CD8 + T cells, CD4 + regulatory T cells (Tregs), 

natural killer cells, gamma-delta T cells, macrophages, neutro-

phils, mast cells, and dendritic cells. A strong correlation be-

tween cell classification and the expression of expected markers 

was observed (Figure 1C). Classified cells corresponded to 73% 

tumor cells, 21% immune cells, and 6% stromal cells. Unsuper-

vised clustering of immune cells demonstrated the performance 

of our classification model, with all lymphoid cells clustering 

away from myeloid cell subsets (Figure 1D). Consistent with pre-

vious publications utilizing in situ methods or tissue dissociation 

approaches, 5,11,13,23 the five most abundant immune cell types 

infiltrating NSCLC samples were B cells, CD4 + conventional 

T cells, CD8 + T cells, macrophages, and neutrophils (Figure 1C). 

Overall, we exploited a cohort of clinically annotated 

NSCLC samples to develop methods for tissue and cell-type
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classification from single-cell multiplex protein imaging and to 

interrogate the association between spatial proteomics and 

transcriptomics data with clinical outcomes.

DISTINCT SPATIAL CLUSTERS OF IMMUNE CELLS IN 

THE TME OF LUAD AND LUSC

We first investigated the characteristics of the tumor cells in 

LUAD and LUSC tissues. Consistent with previous studies, 24,25 

GeoMX analysis of panCK + tumor cell regions showed clear tran-

scriptomic differences between LUAD and LUSC tumor cells as 

well as heterogeneity in the gene expression profile of tumor cells 

between patients of the same histological subtypes (Figure 2A). 

LUAD and LUSC expressed typical phenotypic markers of each 

histological subtypes (e.g., NKX2.1, KRT7, MUC1, and SFTPB in 

LUAD and KRT5, KRT6, and TP63 in LUSC; Figure S2A). With the 

proteomics analysis, we refined the co-expression of distinct

functional markers in individual tumor cells. We observed a 

heterogeneous pattern of expression of major histocompatibility 

complex (MHC) class I and MHC class II in the two cancer sub-

types (Figure 2B), consistent with previous studies where ∼50% 

of tumors were found to have lost or had low levels of MHC class 

I and MHC class II. 26,27 MHC class I and MHC class II expres-

sions were positively correlated in LUAD (Spearman correlation 

score: 0.7). Interestingly, loss of MHC class I was often associ-

ated with reduced expression of interferon gamma (IFN-γ) 

(Spearman correlation score: 0.49) in LUAD tumor cells but not 

in LUSC (Figure 2B). In LUSC, MHC class II expression was 

negatively associated with Ki67 expression (Spearman correla-

tion score: − 0.49). Expression of PDL1 in tumor cells varied 

across patients but was consistently lost in MHC class I negative 

tumors (Spearman correlation score: 0.32 in LUAD). IFN-γ 
expression was low in all LUSC samples, except for one patient, 

whereas ∼50% of LUAD tumors expressed IFN-γ (Figure 2B). In

Figure 1. Spatial analysis of the tumor microenvironment and tumor cells in human non-small cell lung cancer samples

(A) Top: Kaplan-Meier survival curve showing overall survival of resected non-small cell lung cancer (NSCLC) sample cohort. MIBI, multiplex ion beam imaging 

spatial proteomics; GeoMX, spatial transcriptomics. Bottom: donuts graph representing the characteristics of the lung adenocarcinoma (LUAD) and squamous 

cell carcinoma (LUSC) patients analyzed. G: grade; NC: not cited.

(B) Spatial analysis workflow. Scale bars: 50 μm.

(C) Heatmap depicting the mean expression of each marker Z score normalized across all cell types.

(D) UMAP of immune cell types generated in all samples using the mean intensity measurement of each classification marker in all immune cells. See also 

Figure S1 and Tables S1 and S2.
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LUAD, MHC-I/II low tumors had less immune cell infiltration in the 

tumor core or border than MHC class I/class II high tumors. The tu-

mor-cell-specific expression of each of these markers, including 

PDL-1, was not associated with relapse-free survival or overall 

survival (Figures 2B and S2B).

We then compared the immune microenvironment of LUAD 

and LUSC samples. In both tumor subtypes, the predominant 

immune subsets in the whole tissue were CD4 + and CD8 + 

T cells, followed by B cells in LUAD and macrophages in LUSC 

(Figure 2C). Analysis of the specific location of the cells in 

different tumor compartments (core, border, or stroma) showed 

that immune cells were more frequent in the stroma (Figure S2C). 

Within the immune cells, the proportions of distinct immune sub-

sets were evenly distributed between the compartments or en-

riched in the stroma, except for macrophages and CD8 + 

T cells that were more frequently detected in the tumor core 

and at the tumor border, in both LUAD and LUSC (Figures 2D 

and S2D). Whole tissue analysis of immune cell infiltration re-

vealed significantly higher B cell infiltration in the LUAD TME 

compared with LUSC, whereas neutrophils were more often pre-

sent in LUSC (Figure S2E). Detailed analysis of the TME in 

different compartments of the tumors highlighted that the enrich-

ment for B cells in LUAD occurred at the border of the tumor 

front, while neutrophils were located at the border and in the 

stroma of LUSC (Figure 2E). In addition, this analysis of the 

different tumor compartments highlighted further differences

Figure 2. Cell communities containing myeloid cells are a feature of the LUSC TME

(A) Heatmap showing the expression of the top 50 differentially expressed genes in cytokeratin-positive tumor cells (panCK + AOI as measured with GeoMx) 

between LUAD and LUSC. Data show Z scores. n = 44 LUAD; n = 20 LUSC.

(B) Top: heatmap depicting the proportion of MHC I + , MHC II + , IFNγ + , and Ki67 + in tumor cells (PanCK + ) in individual patient samples from MIBI analysis. Middle: 

heatmap representing the proportion of immune cell infiltration in the three tissue compartments. OS: overall survival. n = 44 LUAD; n = 20 LUSC.

(C) Proportion of the different immune cell types in LUAD and LUSC, as determined by MIBI. Data show median ± SD. n = 44 LUAD; n = 20 LUSC.

(D) Boxplots showing the localization of CD4 + T cells and CD8 + T cells in the different spatial tissue compartments in LUAD and LUSC patients. Data show 

median ± SD. ****p < 0.0001; ***p < 0.001; **p < 0.01; *p < 0.05 comparing the different compartments, Wilcoxon test. n = 44 LUAD; n = 20 LUSC.

(E) Volcano plots comparing the proportion of each immune cell subtype in LUAD and LUSC samples. A horizontal dashed line indicates − log10(0.05), Wilcoxon 

test. n = 44 LUAD; n = 20 LUSC.

(F) Heatmap showing seven cell neighborhoods (CN) detected in NSCLC samples. Right panel: representative images showing rendering of different CN in tumor 

core (gray), border (blue), and stroma (dark gray). Scale bars: 50 μm.

(G) Volcano plots comparing the proportion of each CN cluster between LUAD and LUSC samples. Wilcoxon test. n = 44 LUAD; n = 20 LUSC. See also Figure S2.
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Figure 3. Enrichment for neutrophil clusters is associated with worst relapse-free survival in LUAD patients

(A) Heatmaps showing the proportion of lymphoid and myeloid cells in all immune cells in individual samples in LUAD in our cohort (i), Sorin et al. (ii), and Enfield 

et al. (iii). K-mean clustering stratified the TME in LUAD patients in the three cohorts in three immune subgroups (k = 3): lymphoid-enriched [L-enriched; n = 19 in (i); 

n = 113 in (ii); n = 16 in (iii)]; lymphoid-/myeloid-enriched [LM-enriched; n = 16 (i), n = 118 (ii), n = 15 (iii)]; or myeloid-enriched [M-enriched; n = 9 (i), n = 115 (ii), n = 8 

(iii)].

(legend continued on next page)
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between the two histological subtypes where dendritic cells 

were found enriched in LUAD stroma compared with LUSC, 

and mast cells were mostly present in the LUSC stroma 

compared with LUAD (Figure 2E). Together, these results point 

to a more myeloid-enriched microenvironment in LUSC 

compared with LUAD.

Analysis of immune cell neighborhoods (CN) revealed seven 

spatial clusters based on their immune composition, with neigh-

borhoods of a single cell type (CN7: B cell, CN4: macrophages, 

and CN3: neutrophils), T cells (CN1 and 2 with higher prevalence 

of CD8 or CD4, respectively), lymphoid cells (CN6: B and T cells), 

and a mix of myeloid and T cells (CN5: T cells with macrophages 

and mast cells) (Figure 2F). Evaluating the presence of these 

clusters in LUAD and LUSC, we observed B-cell-enriched CN7 

in the stroma and at the border of LUAD, whereas neutrophil-en-

riched CN3 was present in the stroma of LUSC (Figure 2G), indi-

cating that these cell populations observed in each tumor sub-

types infiltrate the tumor as cell communities and not as 

individual cells. Interestingly, the myeloid/T cell cluster was en-

riched in the stroma of LUSC compared with LUAD (Figure 2G). 

Together, these analyses revealed key differences in the 

spatial organization and composition of the TME in LUSC and 

LUAD, highlighting essential immune cell communities charac-

teristic of each tumor type.

Stratification of NSCLC according to myeloid and/or 

lymphoid cell infiltration is not associated with 

oncogenic driver mutations

We then investigated the heterogeneity of the TME between in-

dividual tumors in NSCLC. Quantification of the proportions of 

lymphoid and myeloid cells followed by unsupervised clustering 

resulted in the stratification of patients into two subgroups in 

LUSC (Figure S3A) and three subgroups in LUAD (Figures 3A 

and 3B). In LUSC, 15 tumors were characterized by a mix of 

lymphoid and myeloid cell infiltration (LM-enriched, 75%), with 

a TME rich in T and B cells with macrophages, mast cells, and 

dendritic cells. Five LUSC tumors were classified as myeloid-en-

riched with little lymphoid cell infiltration (M-enriched, 25%) 

(Figure S3A). In LUAD, most tumors had high lymphoid infiltration 

(79.5%) either alone (L-enriched, n = 19, 43%) or mixed with 

myeloid cell infiltration (LM-enriched, n = 16, 36%) (Figure 3A). 

Myeloid-enriched tumors only represented 20.5% of the LUAD 

samples (M-enriched, n = 9). We then analyzed two independent 

cohorts of NSCLC samples in which the tumor immune infiltrate 

was evaluated using Image Mass Cytometry, 13,28 a hi-plex 

mass-spectrometry-based imaging approach similar to the one 

we employed with the MIBIscope. Sorin et al. analyzed 416 

LUAD samples with a 35-plex antibody panel to characterize 

cancer cells, stromal cells, and innate and adaptive immune 

cells, 13 while Enfield et al. analyzed 39 LUAD and 23 LUSC

lesions with two distinct antibody panels to interrogate these 

cell types. 28 Consistent with our cohort, unsupervised clustering 

led to the stratification of LUAD tumors in L-, LM-, and 

M-enriched tumors (Figures 3A and 3B). In the two cohorts 

where genomic profiling was available (Marceaux et al. and En-

field et al.), EGFR mut or KRAS mut tumors were found in each sub-

group: 2 EGFR L858R (5.7%) and 8 KRAS mut (22.9%) in the 35 

L-enriched tumors; 2 EGFR L858R (6.5%) and 9 KRAS mut (29%) 

in the 31 LM-enriched; 2 EGFR L858R (11.8%) and 7 KRAS mut 

(41.2%) in the 17 M-enriched tumors (Figure 3B). STK11 mut 

was only observed in one tumor in the L-enriched group. These 

results indicate that the type of immune infiltration in LUAD is not 

solely dictated by the presence of oncogenic driver mutations.

Neutrophil infiltration is associated with worse patient 

outcomes in LUAD

We then assessed differences between LUAD immune sub-

groups where we had the largest number of samples. 

L-enriched tumors had high T and B cell infiltration, although 

high B or T cell infiltration appeared to be mostly mutually exclu-

sive (Figure 3B). LM-enriched tumors had lower B cell infiltration 

than L-enriched tumors and increased infiltration of macro-

phages (Figure 3B). We combined all patients with tumors 

harboring lymphoid infiltration (L-enriched and LM-enriched) as 

the LLM-enriched subgroup for further analysis. Only when 

quantifying immune cell infiltration in the individual tissue com-

partments did we observe that tumor cores infiltrated with B cells 

were significantly associated with long recurrence-free survival 

(RFS) (Figure S3B), consistent with previous work describing B 

cells infiltration as a predictor of long survival. 13

In M-enriched tumors, the dominant populations were macro-

phages and neutrophils. Each myeloid cell subtype was located 

equally in the different tumor compartments, with the exception 

of dendritic cells that were more often found at the tumor border 

or in the stroma in LUAD (Figure S3C). The expression of func-

tional markers of myeloid cells in LUAD was similar in each indi-

vidual compartment (Figure S3D). A distinct feature of 

M-enriched tumors compared with LM-enriched tumors was a 

higher infiltration of neutrophils. Cell neighborhood analysis re-

vealed that in all compartments of M-enriched tumors, neutro-

phils were present in clusters compared with L- and LM-en-

riched tumors (Figures 3C, 3D, and S3E). In our cohort, five 

out of the nine patients with an M-enriched LUAD had high 

neutrophils infiltration and an RFS of less than 7 months, 

significantly shorter than patients with L- and LM-enriched 

LUAD (median RFS 20.3 months and 64.9 months, respectively; 

Figures 3E and S3F). Of note, the long survivor with an 

M-enriched tumor had an EGFR L858R mutation characterized 

by a distinct TME compared with the other M-enriched tumors, 

with enrichment in mast cells and low levels of neutrophil

(B) Heatmaps showing the proportions of immune subpopulations for each patient in the three different immune subgroups. NA: not available.

(C) Representative image showing clustering of neutrophils in an LUAD tumor (MH1041). Scale bars: 50 μm.

(D) Volcano plots comparing the proportion of each CN cluster in between M− and L + LM-enriched LUAD samples. A horizontal dashed line indicates 

− log10(0.05), Wilcoxon test. n = 44 LUAD.

(E) Kaplan-Meier survival curve showing (i) relapse-free survival in the three groups of our LUAD patients (L-enriched, n = 19; LM-enriched, n = 16; and 

M-enriched, n = 9) and (ii) overall survival in the immune subgroups in Sorin et al. *p < 0.05, **p < 0.01 Cox proportional hazards regression model (Wald test). 

L-enriched, n = 113; LM-enriched, n = 118; M-Neutro low -enriched, n = 95; M-Neutro high -enriched, n = 20. See also Figures S3 and S4.
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infiltration (Figure S3G). This observation is consistent with pre-

vious results showing that increased mast cells in the TME is 

associated with never-smoker patients and prolonged sur-

vival. 13 In Sorin et al., 13 patients with M-enriched, high neutro-

phil-infiltrated tumors were found to have worse overall survival 

consistent with our cohort and previous studies 28 (Figure 3E). 

Neutrophil-enriched tumors also had worse survival in LUSC 

(Figure S3H).

We then compared the transcriptomic profile of panCK + tumor 

cells in M-enriched vs. LLM-enriched LUAD. We observed an 

upregulation of genes associated with type I IFN signaling in 

M-enriched tumors compared with LLM tumors (Figures S4A 

and S4B). Type I IFN signaling has also been shown to activate 

neutrophils with a pro-tumorigenic phenotype, 29–31 suggesting 

cancer cells in M-enriched tumor may support the recruitment 

and activation of myeloid cells.

Overall, these results demonstrate the inter-tumor heterogene-

ity in the TME of NSCLC, enabling the stratification of patients ac-

cording to different types of immune infiltrate. We identified a sub-

set of M-enriched tumors with a TME rich in neutrophils that was 

not observed when lymphoid cells were also present in the TME. 

Patients with these distinct neutrophil-enriched tumors had worse 

clinical outcomes, whereas LLM-enriched tumor with B cell infil-

tration specifically in the tumor core had better RFS.

CD14 + CD4 + and CD14 + CD8 + T cells are present in the 

microenvironment of LUAD and LUSC tumors

With the recent observation that myeloid cells can instruct 

T cells in hepatocarcinoma through the transfer of membrane 

material, 19 we evaluated whether CD14 + T cells were also a 

feature of NSCLC. Quantification of CD14 expression in im-

mune cell subsets in LUAD and LUSC tumors revealed that a 

subset of T cells expressed CD14 (Figures 4A, 4B, S5A, and 

S5B), the co-receptor for TLR-4-mediated lipopolysaccharide 

(LPS) recognition usually expressed by myeloid cells, indicating 

that these cells may be present in more organs than the liver, 

skin, and lymph node as described previously. 19 CD14 + 

T cells were also detected in the Sorin and Enfield datasets 

(Figure S5C). In LUAD and LUSC, CD14 + CD4 + T cells were pre-

sent at a higher frequency than CD14 + CD8 + T cells (Figures 4C 

and S5D), contrary to the results described in the liver where 

CD14 + CD8 + T cells were predominant. 19 CD14 + lymphoid cells 

represented 8.5%–15% of CD8 + , Tregs, and CD4 + T cells in 

LUAD (Figure 4C). As a proportion of their parent population, 

CD14 + CD4 + T cells were present equally in the tumor core, at 

the border or stroma (Figure S5E). The presence of CD14 + 

T cells in NSCLC was further confirmed by flow cytometry anal-

ysis of fresh human lung tumors (Figures 4D and S5F). Image 

cytometry and Hoechst 33342 analysis confirmed that 

CD14 + CD4 + T cells were single cells and not a complex of 

monocytes/T cells as detected in the blood 32,33 (Figures 4E 

and S5G).

To evaluate the process by which the co-expression of a 

myeloid marker and T cell markers could occur, we performed 

trogocytosis experiments where membrane-labelled T cells 

(CD3 + TCRαβ + ) were incubated with HLA-DR + cells or vice-

versa in which membrane-labelled HLA-DR + cells were 

incubated with CD3 + TCRαβ + cells (Figure 4F). Transfer of

membrane only occurred from HLA-DR + cells to T cells and 

was most predominant in CD4 + T cells (Figures 4G and 4H), 

indicating that only T cells can take up membrane from 

myeloid cells.

Overall, these data reveal the existence of a discrete subset of 

CD4 + T cells harboring the myeloid marker CD14 in NSCLC and 

that this phenomenon may be mediated by T cell trogocytosis 

from HLA-DR + myeloid cells.

CD14 + T cells are not detected in healthy lungs and are 

located within myeloid cell neighborhoods in LUAD

We then assessed whether CD14 + CD4 + T cells were a unique 

feature of tumors or were also present in the non-malignant 

or healthy lung tissues. CD14 + CD4 + T cells were observed in 

the non-malignant lung of lung cancer patients in proportions 

similar to what was observed in matched tumors (Figure 5A). 

However, CD14 + CD4 + T cells were not detected in four lung 

samples obtained from healthy donors (Figure 5A), indicating 

that CD14 + CD4 + T cells may be induced in an oncogenic 

context. Consistently, the vast majority of CD14 + CD4 + T cells 

expressed CD39 (Figure 5B), a surrogate marker of tumor-spe-

cific lymphocytes, whereas only a subset of CD14 − CD4 + T cells 

expressed CD39. While CD39 expression on T cells is an indi-

rect marker of tumor-antigen specificity, 34–36 these data sug-

gest that CD14 + CD4 + T cells may be enriched for tumor-spe-

cific T cell clones. To assess the clonality of CD14 + T cells, 

we compared the T cell receptor beta chain (TCRβ) repertoire 

of CD14 + CD4 + and CD14 − CD4 + T cells by TCR sequencing of 

sorted cell subsets. Sequencing results showed an expansion 

of some TCRβ clones in CD14 + cells compared to CD14 − cells 

(Figure S6A), indicating CD14 + CD4 + T cells may be an 

expanded population of T cell clones present in tumors, 

although the tumor specificity of these clones cannot be 

concluded.

To better understand the context in which CD14 + CD4 + T cells 

arise, we investigated whether the presence of CD14 + CD4 + 

T cells was correlated with abundance and spatial organization 

of other immune cell types. For this analysis, we exploited the 

Sorin et al. dataset, 13 given the large number of samples avail-

able. Proportions of CD14 + CD4 + T cells were correlated with 

the presence of classical and intermediate monocytes, two pop-

ulations of CD14-expressing immune cells (Figure 5C), as well as 

the proportion of CD14 + CD8 + T cells (Figure S6B). However, an 

inverse correlation was observed with CD14 − CD4 + and CD8 + 

T cells (Figure S6B). The proportion of CD14 + CD4 + T cells was 

not correlated with the presence of other lymphoid cell types, 

including immunosuppressive Tregs, natural killer (NK), or B cells 

(Figures 5C and S6B), nor with the presence of neutrophils, mast 

cells, or dendritic cells (Figure S6B).

To define the cellular niche in which CD14 + CD4 + T cells may 

be found, we first quantified cell-cell distances to CD14 + CD4 + 

T cells and CD14 − CD4 + T cells within each sample. These ana-

lyses revealed that CD14 + CD4 + T cells were in close proximity to 

myeloid cells and other CD14-expressing cells, whereas 

CD14 − CD4 + T cells were closer to lymphoid cells (Figures 5D 

and 5E). Analysis of cell-cell interaction shows that homotypic in-

teractions, where identical cell types interact with each other, is a 

clear feature of the NSCLC TME (Figure 5F). T cells in general,
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Figure 4. Myeloid-instructed CD14 + T cells infiltrate tumors in non-small cell lung cancer

(A) Proportion of immune cell types expressing CD14 in LUAD as determined by MIBI. Data show median ± SD. n = 44 LUAD.

(B) Representative MIBI images showing the expression of indicated markers in a representative LUAD tumor (AH0353). Arrow and arrowhead show CD14 

expression in CD3 + CD4 + and CD3 + CD8 + T cells, respectively.

(C) Boxplot showing the proportion of cells expressing CD14 in lymphoid cells in LUAD as determined by MIBI. Data show median ± SD. n = 42 LUAD. Scale bars: 

10 μm. (D) Flow cytometry plot showing CD14 expression in CD4 + T cells gated on CD45 + CD3 + cells in an LUAD sample (MH0069).

(E) Representative image cytometry images showing the expression of CD14 and CD4 on CD45 + CD3 + CD4 + cells. n = 2. Scale bars: 5 μm. (F) Schematic of 

trogocytosis assay.

(G) Representative flow cytometry plots showing the membrane transfer from HLADR + cells to CD4 + T cells (i) and the absence of transfer of membrane from 

T cells to HLA-DR + cells (ii).

(H) Percentage of membrane + CD14 + in CD4 + , CD8 + T cells, and HLADR + cells. Data show mean ± SEM (n = 5 biological replicates). See also Figure S5.
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including Treg, had more cell interactions between themselves 

than any other cell types, with the CD8 + and CD4 + T cell interac-

tions being the strongest after homotypic interactions. 

CD14 − CD4 + T cells interacted more with CD14 − CD8 + T cells 

than CD14 + T cells, while CD14 + CD4 + T cells interacted more 

with CD14 + T cells and myeloid cells than CD14 − T cells. Among 

their myeloid cell interactions, CD14 + CD4 + T cells showed 

attraction toward monocytes and macrophages, but little attrac-

tion to neutrophils. B cells interacted with other lymphoid sub-

sets but showed repulsion with myeloid cell subsets including 

macrophages, monocytes, and neutrophils (Figure 5F).

Overall, these spatial analyses indicate that CD14 + CD4 + 

T cells evolve in a myeloid-enriched niche that favors interactions 

with other CD14-expressing T cells, macrophages, and 

monocytes.

CD14 + CD4 + T cells represent a distinct, myeloid-

instructed T cell population associated with poor 

prognosis and TNF-α-driven signaling

Trogocytosis is a dynamic process that involves the transfer of 

plasma membrane and its associated cytosol between two 

cell types, resulting in changes in the functional properties of

Figure 5. Myeloid-instructed CD14 + CD4 + T cells reside in a myeloid-enriched microenvironment

(A) Flow cytometry quantification of percentage of CD14 + CD4 + T cells in normal lung (N). Data show median ± SD (n = 4), non-malignant lung (NM) (n = 6), and 

tumor (T) (n = 8).

(B) Proportion of CD14 + CD4 + and CD14 − CD4 + T cells expressing CD39 in non-malignant lung tissues (NM) (n = 5) and tumor tissues (T) (n = 7). n = 4 LUAD, n = 3 

LUSC, and n = 1 carcinoid. ***p < 0.001; **p < 0.01; *p < 0.05; paired t test between CD14 + and CD14 − T cell subsets.

(C) Correlation plots between the proportion of CD14 + CD4 + T cells and indicated cell types in Sorin et al. L-enriched subgroup. Spearman rank correlation. n = 113 

LUAD.

(D) Distance between indicated cell type and CD14 − CD4 + T cells (top left) or CD14 + CD4 + T cells (bottom left) within 50 μm radius in Sorin et al. L-enriched 

subgroup (n = 112 LUAD). Data show median ± IQR (interquartile range). Right shows representative images of segmented cells in the microenvironment 

around CD14 − CD4 + T cells (yellow, top) and CD14 + CD4 + T cells (yellow, bottom). Scale bar: 50 μm.

(E) Output of Propeller analysis showing cell-type proportion significantly higher in CD14 − CD4 + T cells and CD14 + CD4 + T cells neighborhood in Sorin et al. 

L-enriched subgroup (n = 112 LUAD). The y axis shows t-statistics after filtering by FDR<0.05.

(F) Heatmap representative of cell-cell interaction compared to random permutations distribution in Sorin et al. cohort L-enriched immune subgroup (n = 113 

LUAD). See also Figure S6.
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Figure 6. High infiltration of CD14 + CD4 + T cells is associated with poor survival and high TNF-⍺ signaling

(A) Expression of indicated markers in CD14 + CD4 + and CD14 − CD4 + T cells as determined by MIBI. ***p < 0.001; **;p < 0.01; *p < 0.05; paired t test. Data show 

median ±SD. n = 42 LUAD.

(B) Mean fluorescence intensity (MFI) of myeloid (MHC class II) and functional markers in CD14 + CD4 + and CD14 − CD4 + T cells in NSCLC as assessed by flow 

cytometry. Cells were gated on Live CD45 + CD3 + CD4 + CD14 +/− cells. n = 4 LUAD, n = 3 LUSC, and n = 1 carcinoid. **p < 0.01; *p < 0.05; paired t test between 

CD14 + and CD14 − T cell subsets.

(C) Kaplan-Meier survival curve showing overall survival of L-enriched tumors in Sorin et al. with low (n = 64) or high (n = 47) CD14 + CD4 + T cells infiltration in the 

tumor. *p < 0.05; Cox proportional hazards regression model (Wald test).

(D) Spatial neighborhood analysis of immune cells in Sorin et al. Left: pie charts of proportion of cell neighborhood (CN) clusters in patients with low (top) or high 

(bottom) CD14 + CD4 + T cells infiltration in the tumor core. Right: volcano plots comparing the proportion of each CN clusters between patients with low (n = 64) or 

high (n = 47) CD14 + CD4 + T cells infiltration. Wilcoxon test.

(legend continued on next page)
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the recipient cell. 37 Functional characterization of CD14 + CD4 + 

T cells using spatial proteomics data revealed CD14 + CD4 + 

T cells express other prototypic markers of myeloid cells 

(MHC-II, CD16, CD163, and CD206) and a marker of tissue res-

idency (CD49a 38 ) (Figure 6A) but lower expression of CD103 

(Figure S7A). Flow cytometry data further showed that 

CD14 + CD4 + T cells have a distinct activation phenotype to their 

CD14 − counterparts, exhibiting elevated expression of Ki67, 

IFN-γ, and OX40 but low expression of canonical co-activation 

(ICOS) and exhaustion marker (PD1) or T cell activation (CD69) 

(Figures 6B and S7B). While this profile does not align with clas-

sical effector or helper T cell subsets, it may reflect a tumor-

adapted state associated with an inflammatory environment. 

We then examined the clinical relevance of CD14 + CD4 + T cells 

infiltration in tumors. High infiltration of CD14 + CD4 + T cells in 

L-enriched tumors (Sorin et al.; n = 111) was significantly associ-

ated with poorer overall survival (median survival 9 years vs. 12.8 

years in CD14 + CD4 + high vs. low tumors, respectively) 

(Figure 6C). However, this association was not observed in the 

LM-enriched or M-enriched subgroups (Figure S7C). The major-

ity of the tumors in this cohort are stage 1–2 tumors (88%, corre-

sponding to 94%, 88%, and 82% of L-, LM-, and M-enriched tu-

mors, respectively). High infiltration of CD14 + CD4 + T cells was 

associated with survival in stage 1–2 tumors but not in stage 

3–4 tumors (Figure S7C). Spatial neighborhoods analysis 

showed that tumors with high CD14 + CD4 + T cell infiltration had 

a distinct cellular microenvironment, enriched in macrophage/T 

cell clusters (Figures 6D and S7D), consistent with the observa-

tion that CD14 + CD4 + T cells reside in myeloid-rich niches 

(Figures 5D, 5E, and 5F). Evaluation of the demographics and 

clinical characteristics of the patients in CD14 + CD4 + low and 

high tumors show similar age, gender, BMI, smoking status, 

and disease stages between the two groups. Histological pat-

terns were slightly different with more acinar patterns in 

CD14 + CD4 + low tumors and more solid patterns in 

CD14 + CD4 + high tumors (Table S3).

To evaluate whether the infiltration of CD14 + CD4 + T cells 

could be associated with a specific tumor cell phenotype, 

we compared the transcriptional profiles of tumor cells in 

CD14 + CD4 + -high tumors and CD14 + CD4 + -low tumors. 

KEGG pathway enrichment analysis identified cytokine 

signaling pathways upregulated in tumors with high 

CD14 + CD4 + T cells infiltration, indicative of an inflammatory 

microenvironment, while metabolic pathways were downregu-

lated in tumors with high infiltration of CD14 + CD4 + T cells 

(Figure S7E). Specifically, the TNF-⍺ signaling pathway was 

enriched in tumors with high infiltration of CD14 + CD4 + 

T cells (Figure 6E). Given the known immunosuppressive ef-

fect of TNF-⍺ on the tumor microenvironment, 20 we evaluated 

whether it could alter the properties of CD4 + T cells by 

enhancing T cell trogocytosis from myeloid cells. Trogocytosis 

assay showed that TNF-α increased the capture of membrane 

components by CD4 + T cells from HLA-DR + cells by 1.7- to

1.9-fold (Figure 6F) compared to vehicle-treated cells. These 

results show that TNF-α present in the TME may enhance 

CD4 + T cell trogocytosis, enhancing the formation of 

myeloid-instructed T cells, a mechanism that may contribute 

to TNF-α-mediated pro-tumorigenic properties.

DISCUSSION

Advances in cancer immunotherapy have greatly improved out-

comes for lung cancer patients. However, not all patients 

respond to treatment, 1,2 indicating that alternative approaches 

to increase anti-cancer immunity are urgently needed. In-depth 

characterization of the composition and spatial organization of 

individual immune cells in the TME, and the signals that regulate 

them, is essential in identifying pathways to deplete pro-tumori-

genic cells to bolster anti-tumor immunity.

In situ analysis of individual cells in solid tumors presents a 

clear advantage over single-cell analysis of dissociated tissue. 

Notably, the architecture of the tissue is preserved, adding to 

the depth of knowledge on the role of cell communities in the 

anti-tumor immune response. In addition, this approach also 

avoids disproportionate recovery of different cell types, which 

is known to occur after tissue disruption. 39 Our comparison of 

the in situ TME in different histological subtypes of NSCLC re-

vealed similarities and distinctions in the composition and orga-

nization of the TME of LUAD and LUSC. As described by 

others, 11,23 we observed a higher proportion of immune cells in 

the stroma and at the tumor border than in the tumor core. How-

ever, macrophages and CD8 + T cells were more predominant in 

the tumor core than the border and the stroma in both LUAD and 

LUSC. Myeloid cells were always observed in LUSC, whereas 

nearly half of the LUAD samples had little myeloid cell infiltration. 

Cell neighborhood analysis showed that immune cells were 

mostly present as clusters of single-cell types or cells from 

similar lineages. Mixed myeloid and T cell cellular neighborhoods 

were a distinctive feature of the LUSC TME, whereas B cell clus-

ters were only observed in LUAD and associated with better sur-

vival in LUAD, as described by Sorin et al. 13

By profiling the TME in NSCLC, we were able to stratify LUAD 

and LUSC in different immune categories. M-enriched tumors 

had a distinct myeloid cell infiltration compared with LM-en-

riched tumors. While neutrophils were the predominant myeloid 

cell type in M-enriched tumors, macrophages constituted the 

bulk of the myeloid infiltrate in LM-enriched tumors. Neutrophils 

have a multi-faceted role in cancer 29,40 but have often been 

associated with worse clinical outcomes in solid tumors, facili-

tating tumor cell extravasation and metastasis. 41–43 A high 

neutrophil-to-lymphocyte ratio has been associated with worse 

overall survival in many solid malignancies, including lung 

cancer, 16,28 consistent with our observation that tumors with 

clusters of neutrophils had worse survival.

Focusing on tumors with lymphoid cell infiltration, we 

observed that a subset of CD4 + and CD8 + T cells expressed

(E) Enrichment for TNF-⍺ signaling pathway in tumors with high CD14 + CD4 + T cells infiltration.

(F) Schematic of trogocytosis experiment with or without TNF-⍺ (top). Fold change in membrane-labelled CD14 + CD4 + T cells after treatment with TNF-⍺ (bottom). 

Data show mean ± SEM (n = 3 biological replicates). See also Figure S7 and Table S3.
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the myeloid cell marker CD14, similar to the CD14 + CD8 + and 

CD14 + CD4 + T cells described in human liver. 19 Detailed analysis 

by Pallett et al. demonstrated that CD14 + T cells were myeloid-

instructed T cells, in which CD8 + T cells acquired cellular myeloid 

materials from CD14 + myeloid cells in a contact-dependent 

manner. Exposure to bacterial LPS promoted the transfer of 

myeloid materials to T cells, with the presence of bacteria re-

shaping the local immunity and inducing the expansion of 

CD14 + CD8 + T cells. 19 The lung is host to a diverse range of 

commensal bacteria, 44 and increased bacterial colonization is 

observed in lung tumors. 45–48 Further studies would be required 

to investigate the relationship between CD14 + T cells, the tumor 

microbiota, and the implication for response to immunotherapy. 

Importantly, we observed that patients with L-enriched tumors 

with a high infiltration of CD14 + -expressing CD4 + T cells had 

poor survival, pointing to CD14 + CD4 + T cells being unable to 

support anti-tumor immunity. T cell trogocytosis is a known phe-

nomenon that has been shown to involve antigen-presenting 

cells 49 or B cells, 50 leading to the transfer of a number of immune 

regulatory molecules such as HLA-G, PDL1, and OX40L that can 

reduce anti-tumor immunity. We demonstrated that CD14 + CD4 + 

T cells can form through trogocytosis and that in NSCLC, these 

myeloid-instructed CD14 + CD4 + T cells were more frequent than 

CD14 + CD8 + T cells. CD14 + CD4 + T cells had unusual phenotype-

expressing markers of T cell activation (IFN-γ, Ki67, and CD39) 

but low levels of PD1, ICOS, and CD69. We found that TNF-⍺ 
increased CD4 + T cell trogocytosis from HLA-DR + myeloid cells. 

TNF-α can exert both tumor-promoting and tumor-suppressing 

activities, 20 but combination drug studies show that inhibition 

of TNF-α in combination with immune checkpoint inhibitors in-

creases treatment response, 51 suggesting a predominant role 

for TNF-α in promoting tumor growth. TNF-α exerts its pro-

tumorigenic activity in multiple ways, including the recruitment 

of myeloid and myeloid-derived suppressor cells to the TME 

and maintaining regulatory T cell function. 20,52 Here, we identify 

a possible mechanism by which TNF-⍺ exerts its pro-tumor ac-

tivity, by facilitating T cell trogocytosis, thereby altering their anti-

tumor properties. Trogocytosis has been described as an anti-

gen-specific, TCR-affinity-dependent process. 53,54 TNF-⍺ may 

increase T cell-antigen-presenting cell interaction, promoting 

T cells trogocytosis. Future work would be needed to evaluate 

whether CD14 + CD4 + T cells are depleted in tumors treated 

with TNF-α inhibitors, such as infliximab, and determine the rela-

tive contribution of this process to the overall pro-tumorigenic 

activities of TNF-α.

Overall, our study demonstrates the importance of undertak-

ing a comprehensive analysis of the tumor ecosystem with hi-

plex in situ molecular approaches to uncover novel cell types 

and decipher spatial relationships between immune and tumor 

cells. Our study revealed myeloid-instructed T cells in the TME 

may participate in tumor immune escape. Targeting the recruit-

ment or formation of myeloid-instructed T cells to the tumor core, 

such as with the TNF-α inhibitor infliximab, may provide novel 

therapeutic avenues for lung cancer patients.

Limitations of the study

This analysis was well powered to evaluate stage 1–2 treat-

ment-naı̈ve LUAD patients, but a relatively small number of

stage 3–4 samples and LUSC samples limit the generalizability 

of the findings to all NSCLC. While the application of spatial 

multi-omics enabled the identification of novel immune cell 

states within the preserved tumor architecture, functional vali-

dation of these mechanisms was primarily undertaken in vitro, 

and their in vivo significance remains to be determined. More-

over, the precise role of CD14 + CD4 + T cells in shaping anti-tu-

mor immunity is incompletely defined, and potential interac-

tions with other modulators of the tumor microenvironment, 

such as the microbiota or immune checkpoint blockade, were 

not assessed. Finally, although TNF-α was implicated as a 

driver of trogocytosis and myeloid-instructed T cell formation, 

the relative contribution of this pathway compared with other 

immunoregulatory mechanisms warrants further investigation. 

From a technical perspective, the resolution and marker selec-

tion for the spatial proteomic analyses constrain the detection 

of additional immune subsets or functional states. Tissue sam-

pling bias cannot be excluded.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Mouse monoclonal anti-Beta-Tubulin 

(clone D3U1W)

Cell Signaling Technology Cat#86298BF; RRID: AB_2715541

Rabbit monoclonal anti-CD103 

(clone EPR4166[2])

Abcam Cat#ab271889; RRID: AB_3697252

Mouse monoclonal anti-CD103 

(clone BERact8)

BioLegend Cat#350224; RRID: AB_2716189

Rabbit monoclonal anti-CD11c 

(clone EP1347Y)

Abcam Cat#ab216655; RRID: AB_2864379

Rabbit monoclonal anti-CD14 

(clone D7A2T)

Cell Signaling Technology Cat##56082; RRID: AB_2799504

Mouse monoclonal anti-CD14 (clone M5E2) BD Cat#746304; RRID: AB_2743629

Mouse monoclonal anti-CD14 (clone M5E2) BioLegend Cat#301806; RRID:AB_314188

Rabbit monoclonal anti-CD16 (clone SP175) Abcam Cat#ab243925; RRID: AB_3697253

Mouse monoclonal anti-CD16 (clone 3G8) BD Cat#563784; RRID: AB_2744293

Mouse monoclonal anti-CD19 (clone SJ25C1) BioLegend Cat#363018; RRID:AB_2564227

Mouse monoclonal anti-CD20 (clone L26) Cell Marque Cat#CM120M84; RRID: AB_1158145

Mouse monoclonal anti-CD20 (clone 2H7) BD Cat#749954; RRID: AB_2874186

Mouse monoclonal anti-CD20 (clone 2H7) BioLegend Cat#302330; RRID:AB_10965543

Rat monoclonal anti-CD3 (clone CD3-12) Abcam Cat#ab255972; RRID: AB_3697254

Mouse monoclonal anti-CD3 (clone UCHT1) BioLegend Cat#300436; RRID:AB_2562124

Mouse monoclonal anti-CD3 (clone UCHT1) BD Cat#563725; RRID:AB_2744392

Rabbit monoclonal anti-CD39 

(clone EPR20627)

Abcam Cat#ab236038; RRID: AB_2943150

Mouse monoclonal anti-CD39 (clone TU66) BD Cat#742522; RRID: AB_2740840

Rabbit monoclonal anti-CD4 (clone EPR6855) Abcam Cat#ab181724; RRID: AB_2864377

Mouse monoclonal anti-CD4 (clone OKT4) BioLegend Cat#317414; RRID:AB_571959

Mouse monoclonal anti-CD4 (clone OKT4) BioLegend Cat#317428; RRID: AB_1186122

Mouse monoclonal anti-CD45 

(clone 2B11+PD7/26)

LSBio Cat#LS-C389721; RRID: AB_3697258

Mouse monoclonal anti-CD45 

(clone 2B11+PD7/26)

LSBio Cat#LS-C389721; RRID: AB_3697258

Mouse anti-CD45 (clone HI30) BD Cat#563204; RRID:AB_2738067

Mouse anti-CD45 (clone HI30) BioLegend Cat#304028; RRID:AB_893338

Mouse anti-CD45RA (clone PTPRC/1148) Abcam Cat#ab212774; RRID: AB_3697255;

Mouse anti-CD45RA (clone HI100) BioLegend Cat#304135; RRID: AB_11125961

Mouse anti-CD45RO (clone DCHL1) WEHI facility N/A

Mouse anti-CD45RO (clone UCHL1) BD Cat#748369; RRID:AB_2872788

Mouse anti-CD49a (clone CL7207) Abcam Cat#ab243032; RRID: AB_3697257

Mouse anti-CD49a (clone TS2/7) eBiosciences Cat#46-9490-42; RRID: AB_2573891; 

Clone:TS2/7

Rabbit anti-CD56 (clone MRQ-42) Ionpath Cat#715101-100; RRID: AB_3094828

Mouse anti-CD56 (clone HCD56) BioLegend Cat#318325; RRID: AB_10612566

Mouse anti-CD66b (clone G10F5) BioLegend Cat#305102; RRID: AB_314494

Rabbit anti-CD68 (clone D4B9C) Cell Signaling Technology Cat#76437BF; RRID: AB_2799882

Rabbit anti-CD69 (clone EPR21814) Abcam Cat#ab234512; RRID: AB_2891140 

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Mouse anti-CD69 (clone FN 50) BD Cat#612818; RRID: AB_2870142

Mouse anti-CD8a (clone C8/144B) Cell Signaling Technology Cat#70306BF; RRID: AB_2799781

Mouse anti-CD8a (clone SK1) eBiosciences Cat#47-0087-42; RRID: AB_2016684

Mouse anti-CTLA4 (clone F-8) Santa Cruz Cat#sc-376016L; RRID: AB_10988256

Mouse anti-CTLA4 (clone 14D3) eBiosciences Cat#25-1529-42; RRID: AB_2573406

Mouse anti-Epcam (clone VU-1D9) STEMCELL Technologies Cat#60136F1

Mouse anti-Foxp3 (clone 236A/E7) Jomar Cat#14-4777-82; RRID: AB_467556

Mouse anti-Foxp3 (clone 206D) BioLegend Cat#320124; RRID: AB_2565972

Rabbit anti-GrzB (clone D6E9W) Cell Signaling Technology Cat#46890BF; RRID: AB_2799313

Mouse anti-GrzB (clone GB11) BD Cat#563388; RRID: AB_273817

Mouse anti-HLA DR (clone L243) BioLegend Cat#307604; RRID:AB_314682

Rabbit anti-ICOS (clone D1K2T) Cell Signaling Technology Cat##89601BF; RRID: AB_2800142

Hamster anti-ICOS (clone C398.4A) BD Cat#565881; RRID: AB_3683731

Mouse anti-IFNg (clone IFGN/466) Abcam Cat#ab218890; RRID: AB_2847937

Mouse anti-IFNg (clone 4S.B3) BioLegend Cat#502519; RRID: AB_528920

Rabbit anti-Ki67 (clone SP6) Abcam Cat#ab197547; RRID: AB_2924695

Mouse anti-Ki67 (clone B56) BD Cat#563756; RRID: AB_2732007

Mouse anti-LAG3 (clone 17B4) ionpath Cat#714701-100; Clone:17B4

Mouse anti-LAG3 (clone 7H2C65) BioLegend Cat#369203; RRID: AB_2566477

Mouse anti-MHC I (HLA ABC) (clone EMR8-5) BD Cat#565292; RRID: AB_2739161

Mouse anti-MHC I (clone G46–2.6) BD Cat#742025; RRID: AB_2871321

Rabbit anti-MHC II (HLA DR) (clone EPR3692) ionpath Cat#717201-100

Mouse anti-MHC II (clone G46-6[L243]) BD Cat#612981; RRID: AB_2916889

Mouse anti-OX40 (clone ACT35) Cell Signaling Technology Cat#98785BF; RRID: AB_2800308

Mouse anti-OX40 (clone BER-ACT35) BioLegend Cat#350029; RRID: AB_2632863

Rabbit anti-PD1 (clone D4W2J) Cell Signaling Technology Cat#86163BF; RRID: AB_2728833

Mouse anti-PD1 (clone EH12.2H7) BioLegend Cat#329906; RRID: AB_940483

Rabbit anti-PDL1 (clone E1L3N) Cell Signaling Technology Cat#13684BF; RRID: AB_2687655

Mouse anti-PDL1 APC (clone 29E.2A3) BioLegend Cat#329707; RRID: AB_940358

Mouse anti-PanCK (clone AE1/AE3) Abcam Cat#ab80826; RRID: AB_1640401

Mouse anti-TCR a/b BV605 (clone IP26) BioLegend Cat#306732; RRID:AB_2650819

Rabbit anti-TIM3 (clone D5D5R) Cell Signaling Technology Cat#45208BF; RRID: AB_2716862

Mouse anti-Tim3(CD366) (clone F38-2E2) eBiosciences Cat#15-3109-41; RRID: AB_2802204

Rabbit anti-Tryptase (clone EPR9522) Abcam Cat#ab271916; RRID: AB_2910584

Rabbit anti-Vimentin (clone D21H3) Cell Signaling Technology Cat#5741BF; RRID: AB_10695459

Mouse anti-dTCR (clone H-41) Santa Cruz Cat#sc-100289L; RRID: AB_3095826

dsDNA (clone 3519DNA) ionpath Cat#708901-100

Biological samples

Patient samples Victorian Cancer Biobank N/A

Patient samples Australian Donation and 

Transplant Biobank

N/A

Patient samples Volunteer Biospecimen Donor Registry N/A

Chemicals, peptides, and recombinant proteins

Hoechst 33342 Thermo Scientific Cat#62249; RRID:AB_3675235

Live/Dead - Propidium Iodide Sigma Cat#P4170

Streptavidin APC BioLegend Cat#405207

Collagenase I Worthington Cat#LS004197

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Human samples

Written informed consent was obtained from all patients by the Victorian Cancer Biobank prior to inclusion in the study, according to 

protocols approved by the WEHI Human Research Ethics Committee (HREC, 10/04LR). Human tonsil FFPE tissues were used for 

antibody validation. NSCLC specimens and associated clinical data were obtained from the Victorian Cancer Biobank from treat-

ment-naı̈ve, surgically resected early-stage lung cancer patients (Stage I to IIIa). Patients, both male and female, were classified 

as ever-smokers (current and ex-smokers who had quit smoking at least 1 year prior to sample collection) or never-smokers (lifetime 

smoking of less than 100 cigarettes). Only patients with an overall survival (OS) of less than 3 years post-surgery and with OS of more 

than 6 years post-surgery were included in the study. Human tissues from non-cancer patients were obtained from male and female 

deceased organ donors, at the time of organ acquisition for transplantation through the Australian Donation and Transplant Bio-

bank 55 (HREC/4814/Austin-2019). All donors were free of cancer, hepatitis B, and hepatitis C, and were HIV negative. PBMC 

used for the trogocytosis experiments were collected from male and female healthy donors through the Victorian Blood Donor 

Registry (HREC 10/04LR). Patient and organ donor details are described and summarized in Tables S1 and S2 (n = 64). Three 

formalin-fixed paraffin-embedded (FFPE) serial sections (4μm thickness) were cut for H&E staining, MIBI proteomic experiment 

on gold-coated slides (Ionpath #567001), and for GeoMX transcriptomic experiment.

Non-small cell lung cancer imaging datasets

Data from Sorin et al. 13 were available on Zenodo (https://doi.org/10.5281/zenodo.7383627). Data from Enfield et al. 28 were kindly 

provided by the authors under a Data Transfer Agreement (https://doi.org/10.5281/zenodo.12587543).

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Critical commercial assays

Foxp3/Transcription Factor Staining Kit eBiosciences Cat#00-5523-00

Deposited data

Image Mass Cytometry data from 39 LUAD 

and 23 LUSC samples

Enfield et al. 29 https://doi.org/10.5281/zenodo.12587543

Image Mass Cytometry data from 416 LUAD 

samples

Sorin et al. 13 https://doi.org/10.5281/zenodo.7760826

MIBI and GeoMx data generated for this paper This paper https://doi.org/10.5281/zenodo.17051521

TCR sequencing data This paper https://doi.org/10.5281/zenodo.17051521

Oligonucleotides

Sequencing primers are presented in Table S4 This paper N/A

Software and algorithms

FlowJo Tree Star RRID:SCR_008520

QuPath Bankhead et al. 22 RRID:SCR_018257

GeoMx DSP Data Analysis Suite https://nanostring.com/products/

geomx-digital-spatial-profiler/

geoscript-hub/

RRID:SCR_021660

XGBoost https://xgboost.ai/ RRID:SCR_021361

Python scripts to run cell-classification 

pipeline that uses XGBoost

This paper https://github.com/WEHI-SODA-Hub

R Studio RStudio, Inc RRID:SCR_000432

R R Project for Statistical Computing RRID:SCR_001905

R packages limma, edgeR, imcRtools, scater, 

BiocParallel, SingleCellExperiment, 

SpatialExperiment, standR, speckle, 

SummarizedExperiment

Bioconductor RRID:SCR_001905

R packages dplyr, ggplot2, ggpubr, ggrepel, 

pheatmap, viridis, RColorBrewer, scales, 

stringr, tidyr, tidyverse, rmarkdown, survival, 

survminer, purrr

CRAN RRID:SCR_003005

R scripts for figure generation This paper https://github.com/WEHI-

labatlab/lung-mibi-cd14cd4
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METHOD DETAILS

Human lung and tumor tissue dissociation

Lung and tumor samples were either processed immediately or held intact for a maximum of 16 h at 4 ◦ C in DMEM/F12 media (Gibco) 

supplemented with 1 mg/mL of penicillin and streptomycin (Invitrogen). Surgical samples were minced then digested for 1 h at 37 ◦ C 

with 2 mg/mL collagenase I (Worthington, #LS004197) and 200 U/mL deoxyribonuclease (Worthington, #LS002140) in 0.2% 

D-glucose (Sigma) in DPBS (Gibco), as previously described. 5 The cell suspension was filtered through 100 μm strainer (Falcon) 

and washed with 2% FCS-PBS, followed by red blood cell lysis and further washing with 2% FCS-PBS to obtain a single cell sus-

pension. Single cell suspensions were either stained immediately for flow cytometry analysis or cryopreserved in 90% FCS:10% 

DMSO and stored in liquid nitrogen prior to staining.

Flow cytometry

Cells were stained with fixable viability dye Zombie NIR (Biolegend) for 15 min. Cells were washed with 2%FCS-PBS, then blocked 

with anti-CD16/32 FCRγ antibody (WEHI antibody facility) for 10 min. Cells were stained with extracellullar antibodies for 30 min at

4 ◦ C. Cells were then fixed and permeabilized with Foxp3/Transcription Factor Staining Kit (eBiosciences) and stained with intracel-

lular antibodies for 30 min at 4 ◦ C. Samples were resuspended in FACS buffer (2% FCS in PBS) and data acquired using an Aurora 

spectral unmixing cytometer (CyTEK). Interrogation of singlet and doublet cells was performed by staining cells with extracellular 

antibodies for 30 min 4 ◦ C then incubated with Hoechst 33342 (5μg/ml) for 30min at ◦ C. Samples were acquired using a BD Symphony 

flow cytometer. Data were analyzed using FlowJo (Tree Star).

Image cytometry

Real time images were captured using BD FACSDiscover S8 Cell Sorter running BD FACSChorus acquisition software (BD 

Biosciences, San Jose). The instrument contains 5 lasers with 6 spatially separated laser intercepts (the blue laser is split to support 

full-spectrum detection at one intercept and BD CellView imaging detection at a second intercept. Live cells were gated on CD45-

PE + CD3-BV570 + CD4-RB545 + . The images for each cell were captured in real-time with the following detectors and bandpass filters, 

light-loss, forward scatter, side scatter (488/15), Image Channel 1 (534/46, CD4), and image channel 3 (788/225, CD14). Co-locali-

zation of CD4 and CD14 were determined using the imaging data and the following image analysis, Max Intensity (CD14 BB700) vs. 

Correlation (CD4 RB545/CD14 BB700) plot.

Trogocytosis

The protocol was adapted from Daubeuf et al. 56 In brief, peripheral blood mononuclear cells (PBMCs) were isolated from healthy 

donors and stained with an antibody cocktail to sort CD3 + TCR⍺β + CD14 − and CD3 − TCR⍺β − CD14 − HLA-DR + cell populations. 

Following cell sorting, each subset was independently labeled with 1 μg/mL of biotinylated membrane dye (EZ-Link Sulfo-NHS-

LC-Biotin, Catalog #21335) in PBS for 10 min at 25 ◦ C. An equal volume of fetal calf serum (FCS) was then added, and the cells 

were incubated for an additional 10 min at 4 ◦ C. Subsequently, the biotin-labeled cells were co-cultured with unlabelled cells at a 

1:1 ratio (total 1 × 10 6 cells) at 37 ◦ C for 4 h. The cells were acquired using NovoCyte Penteon Flow cytometer and analyzed using 

FlowJo 10.9.0. For TNF-⍺ treatment, 100ng/μL stock solution of recombinant human TNF⍺ (catalog # ab9642) was prepared in 

dPBS. Appropriate volume of the stock solution was added to 4 h co-culture experiment described above so that the final concen-

tration of TNF⍺ was 10 or 80ng/mL.

TCR sequencing

CD45 + CD3 + CD4 + CD14 + or CD14 − T cells were sorted on the Aria Fusion (BD) and DNA extracted using DNeasy Blood & Tissue kit 

(Qiagen). DNA Integrity was measured on the Tapestation 4200 (Agilent). Samples with a DNA Integrity Number >8.5 were sent for 

TCRβ sequencing by ImmunoSeq (Adaptive Biotechnologies, Seattle). TCR reads and sequences were analyzed on the Immunoseq 

data analysis platform (Adaptive Biotechnologies).

Oncogenic driver mutation sequencing

EGFR, KRAS and STK11 mutation analyses were performed on fresh frozen tumor samples. Genomic DNA was prepared using the 

Qiagen DNeasy Blood and Tissue kit (Qiagen #69504) according to manufacturer’s instructions. Sequencing was performed using a 

2-step PCR approach for targeted sequencing. Unique primer sequences for EGFR, KRAS and STK11 that contain a common over-

hang sequence at the 5 ′ end were used to amplify EGFR, KRAS and STK11 exonic regions of interest. Cycling conditions were initial 

denaturation at 96 ◦ C for 5min, 18 cycles of denaturation at 96 ◦ C for 30s, annealing at 57 ◦ C for 30s, and elongation at 72 ◦ C for 30s, 

followed by a final elongation step at 72 ◦ C for 5min. PCR amplicons were purified using 1.0x Ampure Beads (Beckman Coulter) prior 

to the second PCR to introduce adaptor sequences and 8 bp dual-index barcodes for multiplexing. Cycling conditions were initial 

denaturation at 95 ◦ C for 3min, 24 cycles of denaturation at 95 ◦ C for 15s, annealing at 60 ◦ C for 30s, and elongation at 72 ◦ C for 

30s, followed by a final elongation step at 72 ◦ C for 7min. The barcoded PCR product size was assessed by agarose gel electropho-

resis, purified using 0.8x Ampure Beads and quantified by Qubit fluorometry (ThermoFisher Scientific). PCR products from up to 96 

samples were pooled equimolar and sequenced on a MiSeq (Illumina). Read pairs were demultiplexed according to the index
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sequences using bcl2fastq, and subsequently processed by Trim_galore (https://www.bioinformatics.babraham.ac.uk/projects/ 

trim_galore/) to remove adaptors and low-quality reads. The clean reads were aligned using the https://sarah-d.shinyapps.io/ 

crispr-indel/, to WT sequence from NCBI RefSeq Genome database GRCh38. Primer sequences are detailed in Key Resource 

Table (Uppercase: overhang sequences for multiplexing). For STK11, we screened mutations in STK11 exon 1 and 2, as these 

are associated with worse survival in NSCLC patients. 57 We investigated the presence of previously described alterations in exon 

1 Q37Ter and K44Ter and screened for mutations in all of exon 2. For EGFR we evaluated ex19-del, L858R, and T790M mutations. 

For KRAS, we assessed mutations in G12 and G13 codons.

GeoMx data collection

FFPE sections from 64 NSCLC samples were sent to the NanoString Center of Excellence in Spatial Biology (Griffith University) for 

sample processing and data collection on the GeoMx platform (Nanostring). Slides were baked at 60 ◦ C for 90 min and deparaffinised 

at 72 ◦ C for 30min, Heat-induced epitope retrieval for 20 min and Proteinase K treatment (1μg/mL) for 15 min using the automated 

LEICA BOND Rx system. Immunofluorescent staining was performed using the morphology antibodies from Nanostring Solid Tumor 

Morphology kit: SYTO13 (nucleus, 1:10 dilution), PanCK-AF532 (tumor cells, 1:40 dilution) and CD45-AF594 (immune cells, 1:40 dilu-

tion). For in situ hybridization for next generation sequencing, tissue sections were then hybridized with Whole Transcriptome Atlas 

(WTA; Lot# HWTA21003) probes for 16 h at 37 ◦ C in a humidity-controlled chamber. Two segments were collected: PanCK positive 

cells and CD45 positive cells, with a minimum of 200 cells collected for each individual area of illumination (AOI). A total of 345 AOIs 

were collected.

Validation of 38-plex antibody panel for MIBI

Rare earth polymer conjugated antibodies were purchased from Ionpath or conjugated to metal polymers according to manufacturer 

protocol (Ionpath). Briefly, 100μg of carrier-free antibody was reduced with 4mM TCEP. Partially reduced antibody was then incu-

bated at 37 ◦ C for 1h with the metal-loaded polymer. The antibody concentration was quantified by measuring the IgG absorbance 

at 280nm on the NanoDrop. The conjugated antibody was eluted to obtain a final concentration of 0.5mg/ml. All antibodies were first 

validated by immunohistochemistry on NSCLC tissue sections. Panels of conjugated antibodies were then evaluated on human ton-

sils to ensure specificity and the absence of isobaric and isotopic overlap. Antibodies were then titrated on lung cancer tissues before 

being pooled in a 38-plex panel for staining of the complete cohort (Figure S1A).

Slide staining and scanning on MIBI

Slides were processed as per manufacturer protocol and stained with our bespoke 38-plex antibody panel. Antigen retrieval was 

performed with Tris EDTA pH9 (Agilent, #S236784-2) using the PT Link Module (Thermo Scientific), sections blocked with 10% 

donkey serum and stained overnight with 36 conjugated antibodies (all except Tryptase and CD20 antibodies). Slides were then 

washed in TBS-0.1% Tween and stained for 30 min with Tryptase and CD20 antibodies before being dehydrated and post-fixed 

with 2% glutaraldehyde. Slides were stored in a vacuum chamber before scanning. Fields of view of 400 × 400μm (1024x1024 pixels) 

were acquired at a dwell time of 1ms. The mass-spec pixel data generated is automatically converted into TIFF images. MIBI images 

were pre-processed for isobaric correction using MIBI/O (Ionapth) and visualized on QuPath. 22 Adjacent FOVs were stitched 

together using a groovy script plugin in QuPath. 58

QUANTIFICATION AND STATISTICAL ANALYSIS

Single-cell segmentation and classification on MIBI data

Cell segmentation was performed using a QuPath extension applying Deep Cell model Mesmer. 59,60 The dsDNA channel was used 

as the nuclei feature. The matrix addition of the median normalized Major histocompatibility Complex Class I (MHC-I) and pan-cy-

tokeratin (panCK) channels were used as the membrane features. Segmented cells with a nuclei area of <50 pixels and cells touching 

the border of images were removed.

Cell classification was performed using the supervised method XGBoost. We manually annotated 52,719 cells on 116 FOVs using 

in-house developed tools on QuPath. Cells were annotated as epithelial cells, stromal cells, B cells, CD4 + T cells, CD8 + T cells, Treg 

cells, NK cells, γδT cells, macrophages, dendritic cells, neutrophils, mast cells, or others. Annotations were assigned to cells based 

on the shape and intensity of the markers within the cell boundaries visible on the images. All markers were used to train the model. 

Each marker was measured in four compartments: nucleus, cytoplasm, membrane, and the entire cell. In each cell compartment, the 

measurements calculated were mean, standard deviation, and the 0.7, 0.8, 0.9, 0.95, 0.96, 0.97, 0.98, 0.99, 0.995, 0.999 quantiles. A 

polynomial feature generation of degree two was used between markers expected to be co-expressed. The combinations were 

generated from pools of markers expected to be co-expressed. These features were generated on cell mean measurements of 

the markers. In total 1713 features were used to train the model. To compensate for the imbalanced data, we used the synthetic mi-

nority oversampling technique (SMOTE). To select the hyper-parameters, we used the Bayesian search cross validation (https:// 

scikit-optimize.github.io/stable/modules/generated/skopt.BayesSearchCV.html). In assessing the results of the training confusion 

matrices, scores such as f1, balanced accuracy, ROC AUC score, were used. A second independent model was developed for
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determining positive or negative expression of individual functional markers for each cell type. A suite of Nextflow pipelines has been 

implemented to automatically train and tune the Machine Learning classification model (XGBoost) used after manual annotations.

Tissue classifier and immune subgroup classification

Twelve different pixel classifiers were trained in QuPath and applied to our cohort of 64 patients to delimit the tumor and stroma area. 

For spatial analysis, three compartments were created: tumor core, border and stroma where the border was defined as 40μm inside 

and outside the tumor area. Patients were grouped into myeloid-, lymphoid-myeloid- or lymphoid-enriched (M-, LM-, L-enriched) 

after an unsupervised k mean (k = 3) clustering of the proportions of lymphoid and myeloid cells in each sample.

Cell neighborhood clustering of immune cells

Cell neighborhood (CN) clusters of immune cells were defined by first determining the 10 closest neighbors (excluding itself) of every 

cell. The cell type frequencies were determined and converted into proportions. These proportions were used in a K-means clustering 

with k = 7. Cell type proportions have been Z score normalized within each cluster.

Sorin et al. and Enfield et al. analysis

The same k-means clustering (k = 3) used in our cohort was applied to both datasets using their cell classification grouping of myeloid 

and lymphoid cells in each patient. To delimitate the ‘in’ and ‘out’ tumor area in Sorin et al., a cell neighborhood analysis was per-

formed using imcRtools package (version 1.14). 61 Interaction graphs based on the cell’s locations were constructed using dis-

tance-based expansion with radius 30, and then neighbors were aggregated by cell type (top hierarchical level: Cancer, Endothelial 

cells, Immune cells and Others) and k-means clustering was performed with k = 4. All the cells within two clusters mainly composed of 

tumor cells were classified as inside the tumor area.

To define cells as CD14 positive we first expanded nuclear boundaries provided by Sorin et al. by 3 pixels using functionality of the 

EBImage R package 62 and re-calculated the mean intensity of CD14 for each cell. To define CD14-positive cells among non-mono-

cytes, we employed a data-driven classification approach based on CD14 expression profiles in annotated monocyte populations. 

Classical monocytes (CD14 + CD16 − ) were used as the positive reference group, and non-classical monocytes (CD14 − CD16 + ) as the 

negative reference group, reflecting high and low CD14 expression levels, respectively.

For each group, we estimated the empirical density of CD14 expression using kernel density estimation (KDE) with Gaussian 

kernel. The log-density ratio (LDR) was then computed at each expression value for all patients together. The LDR reflects the relative 

likelihood that a given CD14 expression value originates from an expected CD14 positive cell (classical monocyte) rather than a non-

classical monocyte, which we expect to be CD14 negative. To account for the imbalance in group sizes (with classical monocytes 

substantially outnumbering non-classical monocytes), we adjusted the classification threshold using the log of the observed group 

size ratio. This choice reflects a Bayesian decision-theoretic framework with prior probabilities proportional to group sizes and a 0–1 

loss function, yielding a threshold that minimizes expected misclassification under class imbalance. 63 Cells with CD14 expression 

levels yielding an LDR greater than this threshold were classified as CD14 positive.

To calculate minimal distances to cells of interest (CD14 +/− CD4 + T cells), we used the minDistToCells function of the imcRtools 

package (version 1.14). Based on this distance, cells that are further than 50 units away from the cells of interest were excluded from 

the neighborhood analysis presented in Figures 5E and 5F. Significant differences in immune cell type composition of neighborhoods 

between CD14 + and CD14 − CD4 + T cell were assessed using a propeller test from the speckle Bioconductor R package

(version 1.2) 64 .

Cell-cell interactions were counted and tested using the testInteractions function of the imcRtools package. Interactions were 

counted using the ‘‘classic’’ method on the cell-interaction graph built based on a 30μm radius expansion. Heatmap shows the 

summed significance scores for each cell type pair across all 113 images. For each IMC image, cell type pairs were assigned a score 

based on spatial interaction: 1 for interaction (red), 0 for no interaction or avoidance (white), and − 1 for avoidance (blue). These scores 

were then summed across all images, resulting in a range from − 31 to 113.

Cell neighborhood clustering of immune cells in Sorin et al. was performed as per our cohort by using k-means clustering with k = 6.

GeoMx data analysis

NanoString GeoMx DSP data was processed with GeoMx DSP Data Analysis Suite (https://nanostring.com/products/geomx-digital-

spatial-profiler/geoscript-hub/). All downstream analysis was performed in the R statistical programming language (version 4.3.2) us-

ing predominantly Bioconductor packages (version 3.18). Further quality control was performed using the standR Bioconductor R 

package version 1.6. 64 Library sizes were normalized with the TMM method, 65 as implemented in the geomxNorm function of the 

standR package. Count data were transformed to log2-counts per million, voom precision weights were estimated and linear models 

for differential expression analysis were fitted using edgeR’s voomLmFit function with additional cyclicloess normalization (edgeR 

version 4.0). 66,67 For the comparison of LUAD and LUSC cancer types, age and gender were included as covariates in the linear 

model. Differential expression was assessed using moderated t-statistics 68 with robust empirical Bayes variance estimation. 69 

Genes with a false discovery rate <0.05 and log-fold-change threshold >1.1 were defined as significantly differentially expressed us-

ing TREAT. 70,71 For LUAD M vs. LLM comparison, the cancer sub-types, age and smoking status were included in the linear model. 

Genes were ranked using p-values obtained from moderated t-statistics. The top ranked genes with a log-fold change < − 0.5 and
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>0.5 are highlighted in the mean-difference plot. For the comparison of CD14 + -high vs. CD14 + -low tumors, CD14 status was included 

in the linear model together with smoking status. CD14 status was determined as high/low using the MIBI data and defined as areas 

of illumination (AOI) with greater/smaller percentage of CD14 positive cells than the median value across all AOI. Gene set testing to 

test for enrichment of REACTOME gene sets, Gene Ontology terms, KEGG pathways and Hallmark gene sets from the Molecular 

Signatures Database (MSigDB) 72 was performed using the camera function in limma Bioconductor R package (version 3.58). 73,74 

For Figures 6E and S4B, genes from selected pathways were highlighted using barcode plots, where the x axis represents ordered 

moderated t-statistics from the testing procedure described above. Significant differences in proportions of cells with higher expres-

sion of functional markers between CD14 + and CD14 − were assessed using a propeller test from the speckle Bioconductor R pack-

age (version 1.2). 75

Statistical analysis

Statistical analyses were performed using R (2023.06.1 + 524). Boxplots present median ± standard deviation. Non-normal data were 

compared between two groups using Wilcoxon rank-sum test. Samples with less than 5 cells of the cell type of interest were 

excluded from the analysis. The significance between two groups in Kaplan Meier survival curves was calculated using log rank 

(Mantel-Cox) test. In the heatmaps, percentages are calculated for each patient and then Z score normalized across all patients using 

the scale function with default parameters in R., Statistical details including n, mean, dispersion measure, and statistical tests are 

included in the figure legend for each experiment and plot.

e7 Cell Reports Medicine 7, 102593, February 17, 2026

Article
ll

OPEN ACCESS


	TNF-⍺-mediated myeloid-instructed CD14+CD4+ T cells are associated with poor survival in lung adenocarcinoma
	Introduction
	Results
	A longitudinal cohort of resected NSCLC with survival outcome

	Distinct spatial clusters of immune cells in the TME of LUAD and LUSC
	Stratification of NSCLC according to myeloid and/or lymphoid cell infiltration is not associated with oncogenic driver muta ...
	Neutrophil infiltration is associated with worse patient outcomes in LUAD
	CD14+CD4+ and CD14+CD8+ T cells are present in the microenvironment of LUAD and LUSC tumors
	CD14+ T cells are not detected in healthy lungs and are located within myeloid cell neighborhoods in LUAD
	CD14+CD4+ T cells represent a distinct, myeloid-instructed T cell population associated with poor prognosis and TNF-α-drive ...

	Discussion
	Limitations of the study

	Resource availability
	Lead contact
	Materials availability
	Data and code availability

	Acknowledgments
	Author contributions
	Declaration of interests
	Supplemental information
	References
	STAR★Methods
	Key resources table
	Experimental model and study participant details
	Human samples
	Non-small cell lung cancer imaging datasets

	Method details
	Human lung and tumor tissue dissociation
	Flow cytometry
	Image cytometry
	Trogocytosis
	TCR sequencing
	Oncogenic driver mutation sequencing
	GeoMx data collection
	Validation of 38-plex antibody panel for MIBI
	Slide staining and scanning on MIBI

	Quantification and statistical analysis
	Single-cell segmentation and classification on MIBI data
	Tissue classifier and immune subgroup classification
	Cell neighborhood clustering of immune cells
	Sorin et al. and Enfield et al. analysis
	GeoMx data analysis
	Statistical analysis




