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Abstract 

Genetic interactions (GIs) drive carcinogenesis and treatment resistance via non-additive 

phenotypic effects between genes. Traditional bulk-based methods fail to capture cell-type-

specific interactions in heterogeneous tumors like lung adenocarcinoma (LUAD), limiting 

precision oncology. Resolving cell-type-specific GIs at single-cell resolution persists as a major 

hurdle, hindered by limited analytical methodologies. Here we develop scPGI-finder, a 

computational framework that identifies gene-pairs whose coordinated high expression is 

associated with higher proliferation-related fitness at single-cell resolution, which we refer to 

operationally as single-cell positive genetic interactions (scPGIs). Using scPGI-finder, we identify 

49,808 and 15,896 scPGIs spanning epithelial cells and T cells in LUAD, respectively. The 

predicted scPGIs display tighter junctions in the protein interaction network compared to non-

scPGIs. Furthermore, we demonstrate the predictive power of scPGIs for malignancy and 

immunotherapy response through multi-omics validation across diverse cohorts. Notably, with a 

mean area under the ROC curve (AUROC) of 0.974 in bulk tissue validation, the epithelial-derived 

scPGI classifier enables concordant malignancy identification across scales ranging from epithelial 

single cells and lung cancer cell lines, through spatial transcriptomic maps, to bulk LUAD tissue 

profiles. Additionally, a six scPGI T cell signature reliably forecasts immunotherapy efficacy, with 

AUROC values exceeding 0.80 across multiple datasets. Together, our research advances the 

understanding of underlying cancer positive GIs at the single-cell level. scPGIs of epithelial and T 

cells serve as robust biomarkers for malignancy evaluation and treatment response, offering a 

translational framework for precision oncology. 
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Introduction 

Cellular functions and phenotype deviation are mediated by the functional relationships between 

genes. Genetic interactions (GIs) are functional relationships between genes, where the phenotypic 

effect of perturbing one gene is modified by the activity of another1,2. GIs, including positive GIs 

and negative GIs, are crucial for understanding complex diseases and provide novel insight into 

the personalized treatment3. Positive (buffering/alleviating) GIs describe scenarios where the 

combined phenotype exhibits higher fitness than expected based on the individual phenotypes of 

the two genes4. Conversely, negative (synthetic/amplifying) GIs describe scenarios where the 

combined phenotype exhibits lower fitness than expected4,5. GIs have a critical role in 

understanding cancer mechanisms and predicting resistance to immunotherapy6,7. Contemporary 

investigations have primarily focused on the GIs within cancer cells using traditional bulk RNA 

sequencing (RNA-seq) data. However, these studies overlook the interactions that are grounded 

on specific cell types within the complex tumor microenvironment. The advent of single-cell RNA 

sequencing (scRNA-seq) facilitates dissecting complex multicellular niches, providing 

opportunities to discover cell type-specific GIs. 

To date, genetic screens and computational approaches have been employed to systematically 

establish causal links between genotypes and phenotypes1,8. Genetic perturbations, such as RNA 

interference and CRISPR/Cas9 technology, have led to well-established methods for 
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systematically mapping genetic interactomes across processes affecting cell phenotypes9-11. 

Nevertheless, it is impractical to screen all potential GIs by laboratory-based methods. Numerous 

computational approaches have been developed for genome-wide prediction of GIs using tumor 

transcriptomic data, thereby reducing the search space and time required6,12. For instance, Jerby-

Arnon et al. developed a data mining synthetic lethality identification pipeline for predicting 

negative GIs based on the assumption that negative GIs tend to have co-expression but seldom co-

inactivation13. Additionally, network-based methods were used to identify GIs by constructing 

multi-molecular network, such as protein-protein interaction (PPI) network and metabolism 

network1. Moreover, artificial intelligence models have recently emerged as useful methods to 

infer GIs1. Overall, existing methods for GIs inference have primarily relied on certain hypotheses 

or recognized GI features via traditional RNA-seq data and molecular networks. A significant 

limitation of these methodologies is their dependence on the aggregate gene expression data 

derived from heterogeneous cell populations14. The inferred GIs are confounded by varying cell-

type compositions across samples and are limited to an aggregated view of GIs that may differ 

considerably across cell types. 

Conversely, screening for GIs in different cell types facilitates uncovering cell-type-specific 

components of genetic networks and elucidating the clinical outcomes underlying these 

interactions, which remain to be fully explored in cancer research. With scRNA-seq technology 

development, various computational methods have been employed to infer gene regulatory or co-

expression networks, offering a great opportunity for identifying GIs in single cells15-17. A 

computational approach is needed to identify cell-type-specific GIs at single-cell resolution, which 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

 

 

helps to clarify the contribution of tumor heterogeneity, particularly in epithelial cells and T cells. 

Given that damaged and dead cells are removed during sample preparation in scRNA-seq18, we 

focused on dissecting potential positive interactions in specific cell types. In classical genetics, GIs 

are defined by non-additive phenotypic effects of combined perturbations. In this work, we use the 

term “single-cell positive genetic interactions (scPGIs)” operationally to denote gene pairs whose 

coordinated high expression at single-cell resolution is associated with higher proliferation-related 

fitness and cell viability, which are correlation-based expression patterns rather than 

experimentally validated GIs. In this study, cell viability denotes a more favorable cellular state in 

terms of adaptation and proliferative capacity, reflected by higher proliferation signature scores. 

Here, we present a single-cell RNA expression data-driven approach to find scPGIs (scPGI-

finder) (Fig. 1A). scPGI-finder delineated the cell-type-specific positive genetic interactions in 

epithelial cells (E-scPGIs) and T cells (T-scPGIs) from scRNA-seq of lung adenocarcinoma 

(LUAD). Notably, we show that predicted scGPIs of higher confidence offer novel avenues for 

predicting malignant epithelial cells, clinical prognosis, and immunotherapy responses (Fig. S1A-

B). Our framework extends beyond standard scRNA-seq gene network methods by specifically 

identifying cell-type-specific positive interactions informed by coordinated high expression 

enrichment and proliferation-associated signals. 

 

Results 

Overview of scPGI-finder at single-cell resolution 

scPGI-finder is a computational pipeline for statistically inferring candidate scPGIs from scRNA-
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seq data (Fig. 1A). We identified cell-type-specific scPGIs in epithelial and T-cell compartments, 

representing gene-pairs whose coordinated high expression is associated with increased 

proliferation. This computational pipeline includes five steps: (i) Identification of over-expressed 

genes for the desired cell type, (ii) cell ratio test, (iii) differential cell proliferation analysis, (iv) 

cell-type-specific positive co-expression inference, and (v) functional similarity analysis. A brief 

overview is described as follows. 

Identification of over-expressed genes in per cell type: Given the sparse data at single-cell 

resolution, scPGI-finder identifies differentially over-expressed genes for the desired cell types to 

predict scPGI. 

The Salcher et al. dataset was used as the discovery dataset to construct E-scPGI and T-scPGI 

networks via scPGI-finder (Table S1)19. After quality control and data preprocessing, 161,041 cells 

were retained and annotated into eight major cell types: T cells, fibroblasts, endothelial cells, B 

cells, natural killer (NK) cells, myeloid cells, epithelial cells, and mast cells (Fig. S2A-D; Table 

S2). The LUAD dataset by Salcher et al. includes 31,413 epithelial cells and 61,480 T cells. 2,426 

and 1,317 over-expressed genes were identified in epithelial cells and T cells, respectively, for 

further analysis. 

Cell ratio test: The strategy further mines over-represented candidate gene pairs, whose co-

activation is significantly more frequent than expected based on their individual activation 

frequencies, indicating that co-activation of gene pair is under positive selection20,21. 

Differential cell proliferation analysis: scPGI-finder selects a gene pair when the cell group 

with co-activation of the given pair exhibits higher cell proliferation levels than the cell group 
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where it is not, for the desired cell types, indicating that the gene pair is likely to increase cell 

fitness when co-active22,23. 

Cell-type-specific positive co-expression inference: Pairwise gene co-expression analysis is 

based on functional similarity, where GI pairs tend to have similar functions and hence likely to 

be co-expressed in specific cell types6,13. Gene pairs with a significant positive correlation were 

considered as potential scPGIs in the specific cell type. 

To compare alternative implementations of co-expression inference, we evaluated four 

models (Pearson, CS-CORE, MAST and Dozer) using 220 experimentally validated SV gene 

pairs16,24,25. Although SV pairs derive from bulk or cell-line perturbations and are not a direct gold 

standard for single-cell co-activation, they provide a consistent reference for comparing model 

behavior. Across epithelial and T cell subsets, CS-CORE and MAST achieved higher area under 

the ROC curve (AUROC) and recall relative to other methods (Fig. S2E-F). Computational 

benchmarking showed lower runtime for CS-CORE, although more computational memory was 

needed (Fig. S2G-H). Based on this balance of performance and efficiency, CS-CORE was 

selected as the default implementation in scPGI-finder. 

Functional similarity analysis: Two genes with GIs typically participate in close biological 

processes. Consequently, the positions of two genes with GIs in the GO topological structure 

should be close13. We defined FS score based on similarities in BP, MF and CC, and identified 

gene pairs with high functional similarity. 

Gene pairs that passed all the procedures described above were taken as candidate scPGIs 

and utilized for following analysis. 
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The landscape of scPGIs in epithelial cells and T cells for LUAD 

In epithelial cells, we identified 49,808 E-scPGIs among 2,068 genes in the LUAD dataset via 

scPGI-finder (Fig. S3A, Table S3). To assess sensitivity to sampling depth, we re-ran scPGI-finder 

on random subsets of 500-25,000 epithelial cells. The recovered scPGIs showed increasing overlap 

with the full network as cell numbers increased (Table S4), indicating that stronger interactions are 

progressively captured with larger sampling. 

The E-scPGIs network exhibited a scale-free property (Fig. S3B). Notably, 392 genes were 

identified as central due to consistent overlap across five distinct network metrics (Fig. S3C). The 

central genes quantified distinct types of biological importance in E-scPGIs network, significantly 

enriched in pathways related to epithelial cell development and protein processing, including 

protein processing in the endoplasmic reticulum and p53 signaling pathway, which plays a 

paramount role in tumor suppression (P < 0.05, Hypergeometric test; Fig. S3D). In coordinated 

high expression based scPGI networks, edges do not represent directional information flow, so 

shortest-path-based metrics such as betweenness and closeness have no clear mechanistic 

interpretation, whereas degree provides a more straightforward measure of a gene’s involvement 

in scPGI programs. MLF2 showed the top degree in E-scPGIs network (Fig. 1B). The partner genes 

of MLF2 were enriched in various transcription pathways, including the spliceosome, and 

transcription machinery pathways (P < 0.05, Hypergeometric test; Fig. 1C). 

In T cells, scPGI-finder obtained a network of 15,896 T-scPGIs among 1,117 genes (Fig. S3E), 

which exhibited scale-free characteristics (Fig. S3F). The 181 central genes were significantly 
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enriched in multiple immunological pathways, such as Th1 and Th2 cell differentiation, Th17 cell 

differentiation, T cell receptor signaling pathway, and NK cell mediated cytotoxicity (Fig. S3G-

H). The interactions formed by immune genes may play a critical role in immune regulation within 

the tumor microenvironment and in maintaining T cell viability. In T-scPGIs network, the top 20 

genes with the highest degree included PSMD8, UBE2V1, and SUMO1 (Fig. 1D). Most notably, 

the partners of CTLA4, a target of immunotherapy and essential for T cell activation, were enriched 

in immune-related pathways, such as CD molecules and TCR pathway (P < 0.05, Hypergeometric 

test; Fig. 1E). These results may indicate that the complex positive GIs between immune genes 

were crucial for T cell viability. 
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Fig. 1. Workflow of scPGI-finder and hub-centered scPGI networks in LUAD epithelial cells 

and T cells. 

(A) Workflow of scPGI-finder. (B) Degree distribution of hub genes in the E-scPGIs network. (C) 

KEGG enrichments of the MLF2 partners in the E-scPGIs network. (D) Degree distribution of hub 

genes in the T-scPGIs network. (E) KEGG enrichments of the CTLA4 partners in the T-scPGIs 
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network. P < 0.05 was considered as statistically significant in C and E.  

 

Validation of scPGIs via well-recognized GI features and cell-type-specific functions 

To assess the reliability of scPGIs, we collected multiple well-recognized features for GIs, 

including comparative, and boolean (true/false) properties (Fig. S1A; Table S5). We randomly 

selected an equal number of gene pairs as non-E-scPGIs (non-T-scPGIs), composed of genes from 

E-scPGIs (T-scPGIs). Compared to non-E-scPGIs, E-scPGIs had more shared and union neighbor 

genes in the PPI network, as well as more shared and union pathways (P < 2.2e-16, Two-sided 

Wilcoxon rank-sum test; Fig. 2A). E-scPGI pairs also displayed higher essentiality (lower gene 

effect score) of shared PPI, union PPI, and the sum of two genes in E-scPGIs, along with higher 

subcellular colocalization scores and co-expression coefficients than non-E-scPGIs (P < 2.2e-16, 

Two-sided Wilcoxon rank-sum test; Fig. 2A). In addition, the genes in E-scPGIs tend to have a 

lower average shortest distance in the PPI network (P < 2.2e-16, Pearson's Chi-squared test; Fig. 

2B). 

To further evaluate the correlation between scPGIs and cell characteristics, we extracted the 

hub genes with the top 20 highest degrees and its partners in the scPGIs network, forming the hub 

subnet. The hub subnet score, defined as an aggregate score of the subnet for each hub gene and 

their partners, was used to evaluate the cell viability. We then calculated the correlation between 

the scores of these 20 subnets and cell-type-specific function scores (see Methods). In epithelial 

cells, the subnet scores showed a significantly positive correlation with the activity of specific 

biological processes relevant to epithelial cells and cancer hallmarks (P < 0.05, Spearman's rank 
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correlation test; Fig. 2C). Furthermore, epithelial cells with high subnet scores exhibited higher 

CytoTRACE scores (P < 2.2e-16, Two-sided Wilcoxon rank-sum test; Fig. 2D), indicating lower 

differentiation levels and higher stemness. Functional reproducibility was performed using the 

independent Zhou et al. dataset. In agreement with Salcher et al., the subnet scores were positively 

correlated with cancer hallmark activity and showed similar changes in differentiation levels in an 

independent LUAD dataset by Zhou et al. (Fig. S4A-F)26. Additionally, the subnet scores in 

epithelial cells derived from advanced-stage samples were higher than those from early-stage 

samples in the Salcher et al. dataset (P < 0.05, Two-sided Wilcoxon rank-sum test; Fig. 2E).  
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Fig. 2. Assessing the predictive power of E-scPGIs using various recognized GIs properties. 

(A-B) Significant differences in multiple features between E-scPGIs and non-E-scPGIs gene pairs. 

Gene effect score represents CRISPR-based gene essentiality from DepMap (lower values indicate 

stronger dependency). (C) Association between the subnet score of the top 20 hub genes in E-
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scPGIs and the epithelial cell specific functions or tumor hallmarks in Salcher et al., calculated by 

Spearman's rank correlation test. (D) Distribution of CytoTRACE scores between cells with high 

and low subnet scores for top 20 hub genes in Salcher et al.. (E) Distribution of the subnet score 

for the top 20 hub genes between the epithelial cells in early and advanced stages in Salcher et al.. 

P values were calculated by Two-sided Wilcoxon rank-sum test in (A, D and E). Pearson's chi-

squared test was performed in B. P values were calculated by Spearman's rank correlation test in 

C. P < 0.05 was considered as statistically significant. For P value, * denotes P < 0.05, ** denotes 

P < 0.01, and *** denotes P < 0.001.  

In accordance with E-scPGIs, T-scPGIs exhibited a greater number of shared and union 

neighbors in PPI network, shared and union pathways, sub-cellular co-localization scores, and co-

expression coefficients than non-T-scPGIs (P < 0.001, Two-sided Wilcoxon rank-sum test; Fig. 

3A). Correspondingly, the genes in T-scPGIs tend to have a lower average shortest distance in the 

PPI network compared to non-T-scPGIs (P < 2.2e-16, Pearson's Chi-squared test; Fig. 3B).  

Overall, the candidate E-scPGIs and T-scPGIs typically displayed well-known GIs 

characteristics. Particularly, compared with matched non-scPGI gene pairs, scPGIs showed modest 

but consistent increases in shared/union PPI neighbors, shared/union pathway membership, co-

expression, essentiality correlations, and shorter PPI distances. Although effect sizes are small, the 

convergent enrichments across multiple independent functional dimensions indicate that scPGIs 

capture subtle but reproducible functional coherence. 

In addition, the top 20 subnet scores were significantly positively correlated with T cell-

related functions in T-scPGIs in the discovery (Salcher et al.) and independent validation dataset 
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(Zhou et al.), such as the T cell biological processes of activation, activation involved in immune 

response and activation via TCR contact with antigen bound to MHC molecule on antigen 

presenting cell (P < 0.05, Spearman's rank correlation test; Fig. 3C and S4G). Notably, T cells with 

higher subnet scores exhibited higher CytoTRACE scores (P < 0.001, Two-sided Wilcoxon rank-

sum test; Fig. 3D and S4H) and displayed higher TCR clones (P < 0.05, Two-sided Wilcoxon rank-

sum test; Fig. 3E). The above results reveal the association between T-scPGIs and T cell functions, 

suggesting the potential of T-scPGIs in assessing T cell function and predicting immunotherapy 

response. 

We further compared scPGI hub subnet scores with cell-type-specific functional modules 

using matched non-scPGI hubs as controls. For each scPGI hub in two cell types, we randomly 

sampled the same number of genes from the same gene pool to construct these control hubs. In 

both Salcher et al. and Zhou et al. datasets, scPGI hubs showed consistently higher correlations 

with cell-type-specific functional modules than matched non-scPGI hubs, supporting a closer 

alignment of scPGIs with epithelial- and T-cell-specific biological programs (Fig. S5). 
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Fig. 3. Assessing the predictive power of T-scPGIs. 

(A-B) Significant differences in multiple features between T-scPGIs and non-T-scPGIs gene pairs. 

(C) Association between the subnet score of the top 20 hub genes in T-scPGIs and T cell-specific 

functions in the study by Salcher et al., calculated by Spearman's rank correlation test. (D) 

Distribution of CytoTRACE scores between cells with high and low subnet scores for the top 20 

hub genes in the study by Salcher et al.. (E) Distribution of the average clone frequency between 
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T cells with high and low subnet scores for top 20 hub genes in Guo et al.. P values were calculated 

by Two-sided Wilcoxon rank-sum test in (A, D and E). Pearson's chi-squared test was performed 

in B. P values were calculated by Spearman's rank correlation test in C. P < 0.05 was considered 

as statistically significant. For P value, * denotes P < 0.05, ** denotes P < 0.01, and *** denotes 

P < 0.001.  

 

Prediction of malignant epithelial cells using an E-scPGI-based classifier 

Considering that the subnet scores of hub genes in E-scPGIs were significantly positively 

correlated with cancer hallmarks, we investigated whether E-scPGIs could provide an alternative 

methodology for evaluating tumor malignancy (Fig. 2C and S4E). Given the association between 

cancer and large-scale chromosomal alterations, we first utilized CNV inferred from RNA 

expression to classify epithelial cells into malignant and non-malignant epithelial cells in the 

LUAD dataset. Compared to control cells (fibroblasts and endothelial cells) and non-malignant 

epithelial cells (n = 8,872), malignant epithelial cells (n = 22,541) displayed larger changes in 

relative expression intensities across the genome (Fig. S6A-C). Next, we identified 423 ME-

scPGIs that serve as a hallmark to gauge the malignancy of epithelial cells. ME-scPGIs exhibited 

a more highly co-active expression pattern in the malignant cells compared to non-malignant cells 

(P < 0.05, Pearson's Chi-squared test; Fig. 4A; See Methods). Classifier performance in predicting 

malignant cells was assessed by scoring epithelial cells using the ME-scPGIs. Remarkably, 

malignant cells showed significantly higher ME-scPGI scores than non-malignant cells (P < 2.2e-

16, Two-sided Wilcoxon rank-sum test; Fig. 4B-C). We further assessed the predictive 
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performance of the ME-scPGI scores by analyzing the ROC and computing the AUROC. The ME-

scPGI scores demonstrated predictive power in both the training LUAD dataset and an independent 

dataset (AUROC in Salcher et al.: 0.707; AUROC in Zhou et al.: 0.802; Fig. 4D-E, and S6D-F). 

Additionally, epithelial cells with higher ME-scPGI scores (epithelial-H) had more and stronger 

interactions with other cell types than those with lower ME-scPGI scores (epithelial-L), in both 

sender and receiver roles (Fig. 4F-I). Moreover, we investigated specific communications in 

epithelial-H cells. In the study by Salcher et al., interactions involving MIF signaling, including 

CD74-CXCR4 and CD74-CD44, were specifically present in epithelial-H cells, indicating distinct 

communications in the highly malignant cells (Fig. S7A-B). 
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Fig. 4. Malignant epithelial cells prediction by an E-scPGIs-based classifier. 

(A) Malignant epithelial cell-specific GIs network derived from E-scPGIs. (B-C) Comparison of 

the scores of malignant epithelial cells-specific GIs between cells with low and high copy-number 

variation levels in the discovery (Salcher et al.) and independent validation (Zhou et al.) datasets. 
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(D-E) ROC curve for ensemble classifiers assessing the malignancy of epithelial cells in Salcher 

et al. and Zhou et al.datasets. (F-I) Communications among epithelial-H, epithelial-L, and other 

cell subtypes in Salcher et al.. P values were calculated by Two-sided Wilcoxon rank-sum test in 

D and E. 

 

Benchmarking ME-scPGI against expression- and CNV-based classifiers 

Across both the discovery (Salcher et al.) and independent validation (Zhou et al.) datasets, the 

ME-scPGI classifier outperformed hallmark-based expression signatures in distinguishing 

malignant from non-malignant epithelial cells (Fig. S8A-D). ME-scPGI scores were higher in 

aneuploid epithelial cells than in diploid cells (Fig. S8E-F). These results suggest that ME-scPGI 

captures a malignant epithelial program that provides additional discriminatory value beyond 

expression-based signatures. Although performance differences are moderate, the ME-scPGI 

classifier adds discriminatory information beyond expression-based signatures and serves as a 

more computationally efficient alternative to CNV-based approaches. 

To prioritize ME-scPGI associated surface markers for malignant epithelial cells, we 

performed differential expression restricted to GO_CELL_SURFACE genes in both the discovery 

and validation scRNA-seq datasets. We identified a consensus set of 36 surface-associated genes 

consistently upregulated in epithelial cells with higher ME-scPGI scores (adjusted P < 0.05, 

avg_log2FC > 0.1 and pct.1 > 0.2; Fig.S9), including EPCAM, SDC1, CD151, ITGB4, TPBG and 

ADAM9. Their expression patterns define an in-silico panel of candidate surface markers 

associated with the ME-scPGI program. 
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Validating the ME-scPGI classifier in lung cancer patients 

Subsequently, we investigated the association between ME-scPGIs and tumor malignancy in bulk 

datasets. To characterize the pathways represented by the ME-scPGI program, we examined ME-

scPGI network genes in eight independent LUAD bulk transcriptomic datasets with paired tumor 

and normal samples (Table S6)27-36. Nineteen ME-scPGI genes were consistently downregulated 

and enriched for C-type lectin receptors, NF-κB and TNF signaling and endocytosis (Fig. S10). 

154 ME-scPGI consistently upregulated genes and enriched for pathways related to ribosome 

biogenesis, cell cycle and ECM–receptor interaction, consistent with enhanced proliferative and 

biosynthetic activity in tumors (Fig. S10). The remaining 68 ME-scPGI genes without differential 

expression formed a distinct module enriched for Wnt, Notch, and pluripotency-related pathways 

(Fig. S10), indicating that part of the ME-scPGI program resides within broadly active epithelial 

regulatory circuits rather than being solely driven by differential expression.  

Most of the top 20 hubs in the ME-scPGI network exhibited elevated expression in tumor 

tissues compared to adjacent tissues (Fig. 5A). We calculated the ME-scPGI scores in bulk RNA-

seq datasets to determine the malignancy of tissues. We found augmented levels of ME-scPGI 

scores in tumor tissues than in adjacent tissues (P < 0.001, Two-sided Wilcoxon rank-sum test; Fig. 

5B). Additionally, the unsupervised ME-scPGI-based classifier exhibited robust discriminative 

ability, with a mean AUROC of 0.974 in distinguishing tumor tissue from adjacent tissue across 

all eight lung cancer datasets (Fig. 5C). By assessing the association of the ME-scPGI scores and 

immune cell infiltration by CIBERSORT, ESTIMATE, and xCell, we revealed that ME-scPGI 
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scores were significantly positively correlated with tumor purity in estimate, and significantly 

negatively correlated with the infiltration of several activated immune cells, such as CD8+ T-cells 

in xCell (P < 0.05, Spearman's rank correlation test; Fig. 5D-E). Next, we investigated whether the 

ME-scPGI scores could provide an alternative methodology for prognosis stratification37-40. 

Patients were divided into two groups based on the ME-scPGI scores. As expected, Kaplan-Meier 

curves showed patients with high ME-scPGI scores had a poorer prognosis compared to low ME-

scPGI scores (Tomida et al.: P = 0.010; Tang et al.: P = 0.130; Rousseaux et al.: P = 0.013; 

Schabath et al.: P < 0.001; TCGA_LUAD: P = 0.001, Log-rank test; Fig. 5F; Table S6). Patients 

with high ME-scPGI scores had poorer overall survival (OS). Overall, the ME-scPGI scores served 

as an indicator of tumor malignancy and a worse prognosis. 
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Fig. 5. ME-scPGIs stratifies patients across multiple lung cancer datasets. 

(A) Significant differential expression of the top 20 hub genes in ME-scPGIs between tumor and 

adjacent normal tissues. (B) Comparison of ME-scPGI scores in ME-scPGIs between tumor and 
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adjacent normal tissues. (C) ROC curve for the ensemble classifier assessing the malignancy of 

tumor tissues across multiple lung cancer datasets. (D) Association between ME-scPGI scores and 

tumor immune microenvironment using CIBERSORT and ESTIMATE. (E) Association between 

ME-scPGI scores and tumor immune microenvironment in xCell. (F) Kaplan Meier plots for lung 

cancer patients with low and high ME-scPGI scores (threshold was upper terciles of scores). The 

P values were calculated by Log-rank test. P values were calculated by Two-sided Wilcoxon rank-

sum test in A and B. P values were calculated by Spearman's rank correlation test in D and E. For 

P value, * denotes P < 0.05, ** denotes P < 0.01, and *** denotes P < 0.001.  

To evaluate whether the bulk-level prognostic association of ME-scPGI could be explained 

solely by tumor purity or immune composition, we performed multivariate Cox regression in 

TCGA-LUAD and Schabath et al. cohorts. We fitted three types of models: (i) ME-scPGI plus 

tumor purity; (ii) ME-scPGI, tumor purity, and major CIBERSORT immune populations; and (iii) 

ME-scPGI, tumor purity, and immune populations that were significant in univariate Cox analysis. 

Across all models and in both cohorts, ME-scPGI remained significantly associated with overall 

survival (P < 0.05) with stable hazard ratios, whereas tumor purity lost significance once ME-

scPGI was included, and adding immune covariates did not attenuate its effect (Fig. S11). These 

findings indicate that ME-scPGI provides prognostic information beyond epithelial abundance or 

immune depletion. 

 

Spatial transcriptomic support for ME-scPGI patterns 

To explore whether ME-scPGI captures spatially structured malignant epithelial programs, we 
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analyzed LUAD spatial transcriptomic datasets from the Ad-SpatialAnalysis repository41. Across 

sections, ME-scPGI scores with well-differentiated, proliferative and invasive signatures exhibited 

non-random spatial organization, and in several samples ME-scPGI high regions coincided with 

poorly differentiated, more proliferative/invasive tumor areas (Fig. 6A). We further examined the 

spatial distribution of FAM83A, the highest-degree gene in the ME-scPGI network, and its top 

partners. FAM83A showed strong spatial correlation with the hub partners (Fig. 6B). 

In both two representative sections (FFPE_LUAD_No_2C and FFPE_LUAD_No_2D), ME-

scPGI-H regions overlap with low well-differentiated scores and locally elevated 

proliferative/invasive signal. FAM83A, the top-degree ME-scPGI gene, displayed strong spatial 

co-variation with MACC1 and MUC16, whereas CRABP2 localized to a distinct region, indicating 

heterogeneous but structured spatial coordination among ME-scPGI partners (Fig. 6C). 
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Fig. 6. Spatial validation of ME-scPGI patterns and ME-scPGI hub gene relationships in 

LUAD spatial transcriptomics. 

(A) Correlation between ME-scPGI scores and published differentiation programs across LUAD 

spatial transcriptomic samples. (B) Correlation between FAM83A and its ME-scPGI hub partners 

across LUAD spatial sections. (C) Representative spatial maps showing ME-scPGI and related 

programs in two LUAD sections (FFPE_LUAD_No_2C and FFPE_LUAD_No_2D). Spearman 

correlations were computed in A and B. Only significant correlations (P < 0.05 and |r| > 0.3) are 

shown. Dot size reflects –log10(P value); dot color encodes correlation coefficients (red = positive, 
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blue = negative). 

 

Identification of resistant and sensitive drugs for high malignancy tumor cells 

Furthermore, we examined the relationship between ME-scPGI scores and drug efficacy in lung 

cancer cells based on four pharmacological screening datasets (P < 0.05, Spearman's rank 

correlation test; Fig. 7A; Table S7). Eight drugs demonstrated significant correlations with ME-

scPGI scores in at least two of the four datasets (Fig. 7B). The response to six drugs was negatively 

correlated (Afatinib, Gefitinib, Pelitinib, Wz8040, P22077, and Tosedostat; Fig. 7C-H) and two 

drugs were positively correlated with ME-scPGI scores (Methotrexate and Oxaliplatin; Fig. 7I-J). 

Notably, the response to three EGFR inhibitors, including afatinib, gefitinib, and pelitinib, 

demonstrated a negative correlation with ME-scPGI scores (Fig. 7C-E). These findings suggested 

that cancer cell lines with higher ME-scPGI scores, corresponding to higher malignancy, may 

benefit from EGFR inhibitors. 

To clarify the molecular context of the observed association between ME-scPGI scores and 

EGFR-inhibitor response, we compared genomic alterations between ME-scPGI-high and ME-

scPGI-low cell lines in GDSC1 and GDSC2. EGFR mutations were significantly enriched in the 

ME-scPGI-high group, and copy-number gains of MYC and POU5F1B, characteristic of 

proliferative LUAD subtypes, were also more frequent in this group (Fisher’s exact test, P < 0.05; 

Fig. S12). Importantly, ME-scPGI-high cell lines included both EGFR-mutant and EGFR wild-

type models, indicating that the signature is broader than EGFR mutation status alone. KRAS and 

SMARCA4 mutations tended to be more frequent in the ME-scPGI-low group, although without 
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statistical significance. Taken together, these patterns suggest that the ME-scPGI signature reflects 

an epithelial, proliferation-associated LUAD subtype that only partly overlaps with EGFR-driven 

disease. 

 

Fig. 7. ME-scPGI score indicates EGFR inhibitors response in lung cancer cells. 
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(A) Association between ME-scPGI scores and drug efficiency in lung cancer cells across GDSC1, 

GDSC2, CTRP and PRISM datasets. Rows (datasets) and columns (drugs) were hierarchically 

clustered to reveal groups of compounds with similar correlation patterns with ME-scPGI activity; 

colors indicate Spearman correlation coefficient. (B) Overlap of resistant and sensitive drugs for 

cells with higher ME-scPGI scores in different datasets. (C-H) Negative association between ME-

scPGI scores and AUC/IC50 of various drugs, including Afatinib, Gefitinib, Pelitinib, Wz8040, 

P22077 and Tosedostat. (I-J) Positive association between ME-scPGI scores and AUC/IC50 of 

Methotrexate and Oxaliplatin. P values were calculated by Spearman's rank correlation test in A 

and C-J. P < 0.05 was considered as statistically significant. For P value, * denotes P < 0.05, ** 

denotes P < 0.01, and *** denotes P < 0.001. 

 

Prediction of immunotherapy efficacy using T-scPGI 

The notable correlation between T-scPGIs and T cell functions may prove to be a valuable 

methodology for assessing T cell viability and predicting immunotherapy responses (Fig. 3C-E). 

Next, we explored the ability of T-scPGIs to predict clinical response to immune checkpoint 

blockade (Fig. S1B; Table S8). To identify the T-scPGIs that are predictive of immunotherapy 

efficacy, we analyzed scRNA-seq data from three pre-treatment and twelve post-treatment patients 

with NSCLC who received neoadjuvant PD-1 blockade combined with chemotherapy. As expected, 

the ratio of T cells changed across distinct groups, including pre-treatment or post-treatment 

samples with PR and SD groups (Fig. 8A, and S13A-C). A comparison of pre-treatment samples 

with PR to post-treatment surgery samples with PR revealed an increase in the ratio of T cells, 
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indicating that T cells had been activated by immunotherapy (Fig. 8A). We identified 516 T-scPGIs 

related to immunotherapy response and 330 T-scPGIs related to immunotherapy resistance by 

analyzing the scRNA-seq and RNA-seq data of T cells from pre-treatment biopsy samples (See 

Methods). The hub genes with the top 50 degrees involved in SD-related T-scPGIs were enriched 

in transcription machinery and the spliceosome pathway (Fig. 8B). Interestingly, the hub genes 

involved in PR-related T-scPGIs were enriched in multiple immune-related pathways, particularly 

in CD molecules and the TCR signaling pathway (Fig. 8C). 

Two prediction models for immunotherapy response were constructed using T-scPGIs 

involved in CD and TCR pathways related to PR, based on bulk data from Hu et al.42. These 

models were named CD-scPGI and TCR-scPGI, respectively. Importantly, the TCR-scPGI scores 

of responders were significantly higher than non-responders42-45 (P = 4.83e-03, P = 1.65e-03, P = 

5.51e-03, P = 9.45e-04, Two-sided Wilcoxon rank-sum test; Fig; 8D-G; Table S8). 

Correspondingly, patients with low TCR-scPGI scores were significantly associated with 

unfavorable responses to immunotherapy treatment in the training cohort and three validation 

cohorts (P = 4.58e−03, P = 4.81e−03, P = 2.48e−02, P = 3.69e−03, Fisher's exact test; Fig. 8H-

K). We found that the TCR-scPGI results for the therapies were successfully predicted, with 

AUROC values exceeding 0.80 in three out of four datasets (Fig. 8L). Moreover, the prediction 

performance of TCR-scPGIs was overall superior to a variety of expression-based signatures 

across multiple datasets46-54 (Fig. 8M-P; Table S9), including T-effector and IFN-γ signaling 

marker, T cell inflamed marker, cytolytic markers, and the CD-scPGI signature. Finally, the TCR-

scPGI scores were also predictive of overall patient outcomes. Patients with high TCR-scPGI 
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scores had longer OS and progression-free survival (PFS) times than patients with low scores 

across multiple validation datasets (Fig. 8Q-S). We revealed that the TCR-scPGI scores were 

significantly negatively correlated with tumor purity and significantly positively correlated with 

the infiltration of several activated immune cells and immune-related genes, such as CD8+ T-cells 

and neutrophils both in CIBERSORT and ESTIMATE result (P < 0.05, Spearman's rank 

correlation test; Fig. S14A-C). Notably, patients with elevated TCR-scPGI scores may exhibit a 

"hot" immune microenvironment, which is associated with enhanced responsiveness to 

immunotherapeutic interventions. 
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Fig. 8. TCR-scPGIs signature stratifies patients for immunotherapy across multiple datasets. 

(A) Distribution of cell ratios in patients with different immunotherapy responses in Hu et al.. (B) 

KEGG Enrichment of genes involved in SD-related T genetic interactions. (C) KEGG Enrichment 

of genes involved in PR-related T genetic interactions. (D-G) Comparison of the TCR-scPGI 

scores between responders and non-responders in Hu et al., Cho et al., Jung et al. and Ravi et al. 
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datasets. (H-K) Proportion of lung cancer patients who responded to immunotherapy treatment 

with high TCR-scPGI scores and low TCR-scPGI scores. (L) ROC curve showing the prediction 

performance of the TCR-scPGIs signature in Hu et al., Cho et al., Jung et al. and Ravi et al. datasets. 

(M-P) Bar graphs showing the AUROC-based predictive performance of TCRGI-based predictors 

versus published prediction signatures across multiple datasets. (Q-S) Kaplan-Meier plots 

depicting the survival of patients with low versus high TCR-scPGI scores in the Jung et al. and 

Ravi et al. datasets. P values were calculated by Log-rank test. 

 

Discussion 

By analyzing scRNA-seq data across epithelial cells and T cells, we comprehensively sculpt the 

landscape of scPGIs within the broader context of cancer research. Our work extends previous 

studies on GIs in cancer research, which have been almost entirely focused on tissue-specific or 

cancer-specific GIs55-58, to investigate cell-specific types of interactions. The discovered scPGIs 

demonstrated promise and viability in depicting cell activity, as evidenced by their favorable 

association with cell-specific functional activity. Although the effect sizes are modest, two 

comparisons point in the same direction. Hub subnet scores show higher correlations with cell-

type-specific functional modules for scPGI hubs than for matched non-scPGI hubs, and scPGI 

gene pairs exhibit modest but reproducible increases in shared PPI neighbors, pathway co-

membership, essentiality correlations and shorter PPI distances compared with matched controls. 

Together, these patterns suggest that scPGIs capture subtle but biologically meaningful cell-type-

specific cooperative programs, while the evidence should be viewed as supportive rather than 
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definitive. 

More importantly, the E-scPGIs were predictive of patient survival and drug response, 

elucidated tumor malignancy specificity, and revealed clinically relevant lung cancer subtypes. In 

addition, the set of T-scPGIs related to immunotherapy response was linked to an immune activity. 

Overall, these results illustrated the pivotal role of molecular biology and cellular processes 

represented by scPGIs. The distinct cell characteristics between groups with different subnet scores 

may be partly attributed to the scPGIs, which were inferred based on their unique expression 

patterns. However, the subgroups of patients and cell lines determined by the detected scPGIs, 

whether in epithelial cells or T cells, were also characterized by distinct tumor progression, 

survival trends, treatment responses and tumor microenvironments, which were not taken into 

consideration when determining the scPGIs. Overall, these results underscored the significance of 

molecular context represented by E-scPGIs and T-scPGIs, both at the resolution of single cells and 

cancer patients. 

Interestingly, the ME-scPGI genes without differential expression still formed a coherent 

functional module enriched for multiple signaling pathways (e.g., Wnt, TGF-β, Hedgehog, VEGF, 

mTOR, ErbB), all of which are known to regulate epithelial plasticity, stemness, or 

microenvironmental adaptation. In contrast, consistently upregulated ME-scPGI genes were 

enriched for proliferation and biosynthesis pathways, whereas consistently downregulated genes 

were associated with immune- and stress-response programs. These results indicate that the 

biological relevance of ME-scPGIs is not solely driven by differential expression; rather, ME-

scPGIs capture network-level coordination involving both DE and non-DE genes that participate 
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in malignant epithelial states through distinct functional modules. 

In this study, the fundamental unit of inference is the pairwise scPGI, rather than the single 

gene. While we occasionally highlight individual hub genes for interpretability, their biological 

relevance arises from their interaction neighborhoods: scPGIs identify gene pairs whose 

coordinated high expression is enriched beyond expectation within a cell type and associated with 

higher proliferation scores. In the malignant epithelial network, many ME-scPGI pairs involve 

genes that are already upregulated in tumors, but their joint activation provides a much finer-

grained readout of malignant-state heterogeneity than either gene alone. For example, in the spatial 

transcriptomic analysis, the co-variation patterns of FAM83A-MACC1 and FAM83A-MUC16 pairs 

were far more spatially coherent than the patterns of either gene alone, forming tightly overlapping 

hotspots within ME-scPGI high regions that corresponded to poorly differentiated, proliferative 

and invasive areas. Aggregating these pairwise interactions into the ME-scPGI program improves 

tumour-normal classification and patient stratification compared with expression-based hallmark 

signatures and remains prognostic after adjusting for tumour purity and immune infiltration. Thus, 

scPGI-based networks provide information that is complementary to single-gene analyses by 

resolving cooperative, cell-type-specific programs in LUAD. 

scPGIs are fundamentally different from previous efforts for GIs inference and therapy 

response prediction in one important way: the interactions underlying the prediction are inferred 

from specific cell types via scRNA-seq data, making them more context-sensitive and more 

effective at predicting immunotherapy responses when T-scPGIs are applied. Additionally, the 

predictive performance of TCR-scPGI is superior to existing predictors for NSCLC 
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immunotherapy response. Reassuringly, TCR-scPGI maintains its prediction performance with 

AUROC exceeding 0.80 in three datasets. 

Identifying scPGIs is only a first step toward capturing the complexity of cellular networks 

in epithelial cells and T cells. Future endeavors will leverage a greater variety of cell types to infer 

scPGIs at cell-type-specific expression levels and help elucidate the contribution of tumor 

composition and tumor microenvironment. In this study, we focused on epithelial and T-cell 

compartments, which represent the principal axes of LUAD biology and are the best-represented 

and phenotypically well-defined populations in current scRNA-seq datasets. Nonetheless, the 

scPGI-finder framework can be extended to other immune and stromal populations (e.g., 

macrophages, NK cells, dendritic cells), which may harbor additional clinically relevant 

interaction programs and further refine our understanding of the LUAD tumor microenvironment. 

As more data and investigations accumulate, we may further learn how to combine interactions 

arising from distinct cell types to further boost prediction performance for therapeutic responses 

in the foreseeable future. 

Despite its focus on LUAD, which enables the joint analysis of single-cell, bulk, spatial, and 

pharmacogenomic cohorts within a single disease context, the scPGI-finder framework is 

universally applicable to other tumor types. A systematic pan-cancer extension is currently being 

pursued as a separate line of research. 

In this work, we introduce the first systematic scRNA-seq-based computational pipeline to 

establish cell-type-specific positive GI networks in epithelial cells and T cells: scPGI-finder. 

Moreover, this study provides epithelial cell-specific and T cell-specific gene pair-based classifiers, 
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which can be used to assess cancer malignancy and predict immunotherapy response. This work 

lays a conceptual and computational foundation for future studies of scPGIs, with potential 

translational applications. 

Like other genome-wide computational methods for GIs prediction in bulk, scPGI-finder has 

several limitations that should be acknowledged and improved upon in the future. First, due to 

biological and technical limitations in scRNA-seq, damaged and dead cells were removed18. 

Consequently, we concentrated exclusively on gene pairs with specific joint high expression levels 

that may contribute to better cell fitness, rather than those associated with decreased fitness. Future 

work can go beyond the expression types studied here to investigate more complex expression 

patterns with distinct cell viability. For instance, a given interacting gene pair with co-inactive 

expression could confer detrimental effects on cell fitness in specific cell types. Additionally, the 

current version of scPGI-finder considers multiple types of GIs features to enhance the reliability 

of scPGIs. Further features could be considered in the future as more research accumulates. 

In addition, CS-CORE has reported limitations when expression is extremely sparse or 

spatially restricted. In our application, most genes entering scPGI-finder were sufficiently 

expressed in epithelial and T-cell populations, and CS-CORE was used only as a secondary co-

expression filter, so this limitation is unlikely to materially affect the reported results. Consistently, 

our down-sampling analysis in epithelial cells suggests that several thousand cells per cell type are 

generally required for stable co-activation estimation, whereas very small subsets provide limited 

power; applications to rare or sparsely sampled populations may therefore require additional 

sampling or alternative modelling strategies. 
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Notably particularly, this study is observational and based on transcriptomic correlations. By 

construction, scPGIs are defined as gene pairs whose coordinated high expression at single-cell 

resolution is associated with proliferation-related scores, and therefore they do not by themselves 

establish causal, non-additive genetic interactions in the classical perturbation sense. Experimental 

perturbations (e.g., combinatorial CRISPR screens) will be required to test whether specific scPGIs 

correspond to bona fide genetic interactions. 

 

Methods 

Key resources table 

See details in Supplementary Tables. 

Identification of scPGIs via scPGI-finder pipeline 

Identification of over-expressed genes in per cell type: To infer the scPGIs, we first identified 

differentially over-expressed genes for the desired cell subset within a given scRNA-seq dataset, 

using the default Wilcoxon rank sum test with only. pos = TRUE via R package "Seurat" (v 4.2.1). 

Cell ratio test: We identified candidate over-expressed gene pairs by analyzing expression 

data in the desired cell type. This step searches for gene pairs whose co-activations are under 

positive selection. We mined gene expression data to identify gene pairs whose co-activation 

(defined below) was significantly more frequent than expected by One proportion Z-test. The range 

of each gene's expression values across cells was divided into two bins according to the median 

expression value, without regard to non-zero expression. Cells with expression values greater than 

the threshold are considered in the active (A) state bins. Conversely, cells with expression values 
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less than the threshold are considered in the inactive (I) state bins. PoAA denotes the observed 

probability of Gene1 and Gene2 with co-activation. PeAA is the expected probability of Gene1 

and Gene2 with co-activation, which equals to the probability of Gene1 in the active state 

multiplied the probability of Gene2 in the active state. The observed probability of cells with co-

activation in both Gene1 and Gene2 being greater than random chance was calculated according 

to Equation (1). The P value was subjected to the Benjamini and Hochberg (BH) correction for 

multiple tests. The gene pairs with false discovery rate (FDR) < 0.01 were selected for further 

analysis. The test statistic was given as: 

Z =
PoAA−PeAA

√PoAA∗(1−PoAA)

n

 Equation (1), 

H0：PoAA ≤ PeAA；H1：PoAA > PeAA, 

where n represents the number of cells in the desired cell type. 

Differential cell proliferation analysis: In this step, the desired cells were divided into three 

groups according to the threshold in step ii: both Gene1 and Gene2 have active expression (AA), 

one gene is active while the other is inactive (AI or IA) and both Gene1 and Gene2 are inactive 

(II). The cell proliferation score was evaluated through the cell cycle and DNA replication 

enrichment scores of each cell using the "AUCell" (v 1.22.0) R package for counts data15,59. For 

each gene pair, One-sided Wilcoxon rank-sum test was used to examine whether the cell 

proliferation levels of AA cells were greater than the levels of AI/IA cell bins and II cell bins, 

respectively. The P value was subjected to BH correction for multiple tests. The gene pairs with 

FDR < 0.01 were selected for downstream analysis. 
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Cell-type-specific positive co-expression inference: Due to the limitations of data sparsity, we 

utilized "CS-CORE" (v0.0.0.9000) with seq_depth = NULL to infer cell-type-specific positive co-

expression gene pairs from scRNA-seq data16. The co-expressed P value was subjected to the BH 

correction for multiple tests. Gene pairs with FDR < 0.01 and R > 0.1 were selected for further 

analysis. 

Functional similarity analysis: Functional similarity (FS) scores between gene pairs were 

calculated based on the semantic similarities in biological process (SimBP), molecular function 

(SimMF), and cellular component (SimCC) aspects of the Gene ontology (GO) terms, which 

account for both the function and location of genes6,13,60. The FS score for a gene pair was given 

as: 

FS score = √SimBP ∗ SimMF ∗ SimCC
3

 Equation (2), 

Semantic similarities were measured based on the GO topological biological process (BP), 

molecular function (MF), and cellular component (CC) through the "GOSemSim" (v 2.26.0) 

package with semData = bp, cc or mf61. Gene pairs with FS scores >0.5 were considered to have 

high functional interactions and were used for further analysis. 

GO semantic similarity was used as a downstream refinement step after all expression-based 

criteria had been applied, to modestly narrow the candidate gene-pair set. The core identification 

of scPGIs is driven by co-activation enrichment within a cell type, cell-type-specific co-expression, 

and association with proliferation-related programs. 

Evaluation of co-expression models 

Several statistical models were considered for the co-expression steps, including Pearson 
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correlation, CS-CORE, MAST and Dozer. To compare their relative performance, we used 220 

experimentally validated synthetic-viability gene pairs reported in previous studies. SV pairs 

reflect cooperative viability effects in bulk or cell-line perturbations and therefore do not constitute 

a strict single-cell benchmark, but they provide a useful reference set for assessing the relative 

discrimination ability of each model.  

For CS-CORE and Pearson we applied commonly used significance/effect-size thresholds 

(CS-CORE: P < 0.05 and est > 0.1; Pearson: P < 0.05 and r > 0.1), and required propR est > 0.1. 

MAST was used to regress out technical covariates (e.g. CDR, batch) via the hurdle model, and 

Pearson correlations were then computed on the resulting residuals. For each model we recorded 

AUROC, recall, runtime and memory usage to compare discrimination performance and 

computational cost. 

scRNA-seq data processing and analysis 

We first obtained a LUAD atlas by extracting scRNA-seq data from a mixed non-small cell lung 

cancer (NSCLC) atlas to infer scPGIs for epithelial cells and T cells (Table S1)19. Only primary 

LUAD patients who were treatment-naive were used for downstream analysis. The R package 

"Seurat" (v 4.2.1) was used to preprocess raw data of single cell62. Cell types were annotated based 

on canonical marker genes derived from the literature (Table S2)63,64. 

We applied three quality measures on raw gene-cell-barcode matrix for each cell. All cells 

were removed that had either over 50,000 or below 100 unique molecular identifiers (UMIs), over 

6,000 or below 200 expressed genes, or over 20% UMIs derived from mitochondrial genome. For 

each batch, we used the filtered cells to remove genes that are expressed at low levels by counting 
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the number of cells (min.cells) having expression of each Genei, and excluded genes with min.cells 

< 0.1% cells. For the remaining cells and genes, R package "harmony" (v 1.1.0) (https://cran.r-

project.org/web/packages/harmony/index.html) were used to integrate cells across individuals 

from different datasets. Subsequently, count data was normalized and scaled using the 

NormalizeData function and ScaleData function. FindVariableFeatures function was used to 

screen out the top 2,000 highly variable genes from the normalized expression matrix, then we 

performed the principal component analysis using these genes. We performed FindNeighbors 

function to get nearest neighbors for graph clustering based on top 30 PCs and performed 

FindCluster function to determine the optimal resolution. t-SNE algorithm was used to visualize 

identified clusters on the 2D map. Cell types were annotated based on the canonical marker genes 

derived from the literature (Supplementary Tables S2). Ultimately, we defined a set of cell-type 

notations considering the 8 major cell types: T, fibroblast, endothelial, B, NK, myeloid, epithelial 

and mast cells. Over-expressed genes for the desired cell subset within a given scRNA-seq dataset 

were generated by Seurat FindMarkers function using the default Wilcoxon rank sum test with the 

parameters: only.pos = TRUE. 

Salcher et al. was used as the discovery dataset to construct cell-type-specific scPGI networks. 

Zhou et al. served as an independent validation dataset for evaluating the reproducibility and 

functional characteristics of the identified scPGIs. Guo et al. was used as a biological validation 

dataset, in which the T-scPGI-derived hub subnet was applied to stratify T-cell states. A concise 

summary of all scRNA-seq datasets and their roles is provided in Table S1. 

Pathway activity evaluation 
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Genes related to cell-specific biological processes were retrieved by searching the keywords 

"gobp_epithelial_cell" and "gobp_t_cell" in GO65. Cancer hallmarks were obtained from 

COSMIC66. Cell-specific biological process enrichment scores for each cell were calculated by 

"AUCell" (v 1.22.0) R package15. In addition, we used the "CytoTRACE" (v 0.3.3) R package to 

assess the differentiation (stemness) status of cells67. Cells were assigned a CytoTRACE score 

representing their differentiation potential, with higher scores indicating a lower level of 

differentiation and higher stemness. The desired cells were grouped by the median of subnet scores 

into high score and low score groups. Cell-cell communications were analyzed using the R package 

"CellChat" (v 1.6.1)68. 

Benchmarking of scPGIs using external functional feature databases 

To assess the functional coherence of scPGIs6, we used gene-pair features from several external 

resources. Protein-protein interaction (PPI) neighbors were obtained from PCNet69; pathway co-

membership from MSigDB; gene essentiality correlations of lung cancer cell lines from DepMap; 

and subcellular colocalization annotations from the Human Protein Atlas (HPA, 

https://www.proteinatlas.org/). Gene essentiality (gene effect score) was obtained from the 

DepMap Achilles CRISPR knockout screens (https://depmap.org/portal/), where lower gene effect 

values indicate stronger dependency and reduced cell viability upon gene perturbation. In addition, 

the "igraph" (v 2.0.3) R package was used to calculate the average shortest distance for each gene 

pair. 

For each cell type, we constructed a matched control set (“non-scPGIs”) by randomly 

sampling an equal number of gene pairs from the same gene pool used to derive scPGIs. All 
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functional features (shared and union PPI neighbors, shared and union pathways, co-expression, 

essentiality correlations, and colocalization scores) were computed in parallel for scPGIs and non-

scPGIs. Statistical comparisons were performed using two-sided Wilcoxon rank-sum tests or chi-

squared tests. Detailed descriptions of the features are provided in Table S5.  

Copy-number variation detection and epithelial subset analysis 

The R package "infercnv" (v 1.10.1) was used to estimate the copy-number variation (CNV) via 

count data in epithelial cells (n=31,413), with fibroblast cells and endothelial cells as baselines. 

We scored each cell for the extent of CNV signal. The CNV score was used to be re-clustered by 

k-means clustering (k = 8). Epithelial cells that clustered together with spiked in controls 

(Fibroblast cells and Endothelial cells) were labeled "non-malignant" (n = 8,872) in cluster 7, 

whereas the remaining seven clusters were labeled as "malignant" (n = 22,541). 

The same methodology was applied to infer malignant cell subsets in the dataset from Zhou 

et al.. Ultimately, 927 epithelial cells were grouped with fibroblast and endothelial cells into 

clusters 3 and 4, and were classified as "non-malignant." In contrast, 5,275 epithelial cells were 

classified as "malignant". 

Measuring node centrality in scPGIs network 

The centrality of genes is used to quantify the importance in network, such as the E-scPGI network 

and T-scPGI network in our case. There are various metrics to measure node centrality. Here, we 

employed degree, betweenness, closeness, pagerank, and eigenvalue. All these centralities were 

calculated with the R package “igraph” (v 2.0.3) (https://cloud.r-

project.org/web/packages/igraph/citation.html). Genes were considered as central if they were 
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ranked in the top 30% across all five given centrality metrics. 

Hub gene identification in scPGI networks 

For initial characterization of epithelial and T-cell scPGI networks, we computed several standard 

centrality measures (including degree-based and distance-based metrics) and defined a consensus 

“core” by selecting genes that ranked highly across multiple measures for functional enrichment. 

For downstream analyses, hubs were defined by degree centrality, because scPGI edges represent 

undirected co-activation rather than directional signal propagation, and degree directly reflects the 

number of partners with which a gene repeatedly co-activates. 

Calculation the subnet scores for epithelial cells and T cells 

Genes with the top 20 degrees were considered as hubs in the scPGIs network. The subnet score 

for each hub gene with its partner genes was calculated based on the co-active scPGIs. For single-

cell RNA-seq data, within each cell type, each gene’s non-zero expression values were 

dichotomized at their median; cells with expression ≥ this median were assigned to the active (A) 

state and those below to the inactive (I) state. For a gene pair (𝑔𝑖 , 𝑔𝑗), a cell 𝑐 was said to be co-

activated (AA) if both genes were in the A state, and a pairwise indicator was defined as 

𝐼𝑖𝑗(𝑐) = {
1, 𝑖𝑓 𝑔𝑖 𝑎𝑛𝑑 𝑔𝑗   𝑎𝑟𝑒 𝑏𝑜𝑡ℎ 𝑎𝑐𝑡𝑖𝑣𝑒 (𝐴𝐴) 𝑖𝑛 𝑐𝑒𝑙𝑙 𝑐,

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,
 

For a given hub gene ℎ with 𝐾ℎ scPGI partners, the subnet score in cell 𝑐 was calculated as 

𝑆𝑢𝑏𝑛𝑒𝑡 𝑠𝑐𝑜𝑟𝑒 (𝑐, ℎ) =
1

𝐾ℎ
∑ 𝐼ℎ𝑘(𝑐)

𝐾ℎ

𝑘=1

 𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 (3),  

which summarizes the fraction of its scPGI partners that are co-activated with the hub in that cell. 

Cell-type-specific function scoring 
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For predefined biological processes relevant to each cell type (e.g., epithelial differentiation, 

epithelial-mesenchymal transition, T-cell activation, cytotoxicity), we computed single-cell 

activity scores using AUCell, which quantifies the enrichment of a gene set in the top-ranked 

expressed genes of each cell. The resulting AUCell scores were used as cell-type-specific 

functional scores and correlated with scPGI hub module scores to assess functional relevance. 

Identification of the E-scPGIs related to malignant cells 

In the epithelial cells arising from the scRNA-seq dataset, we screened the E-scPGIs related to 

malignant cells (ME-scPGIs) for two procedures: (1) The E-scPGIs showed a higher AA 

expression pattern in the malignant than the non-malignant epithelial cells by Pearson's chi-

squared test with P < 0.01. (2) The fraction of AA expression in malignant cells was at least twice 

than in non-malignant epithelial cells for each E-scPGI. 

ME-scPGI score in epithelial cells 

For each epithelial cell 𝑐, the ME-scPGI score was defined by aggregating the activity of all 𝑀 

ME-scPGI pairs (𝑔𝑖 & 𝑔𝑗): 

ME-scPGI(𝑐) =
1

𝑀
∑ 𝐼𝑖𝑗

𝑀

𝑚=1

(𝑐) Equation (4), 

where 𝐼𝑖𝑗(𝑐) = 1 if both genes in ME-scPGI pair (𝑔𝑖 & 𝑔𝑗) are in the A state (AA) in cell 𝑐, and 

0 otherwise, as defined above. A data-driven threshold of 0.0827 (estimated using the cutoff R 

package) was used to distinguish malignant from non-malignant epithelial cells in the discovery 

scRNA-seq dataset and independent dataset. 

Comparison of the ME-scPGI classifier with other methods 
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The ME-scPGI score for each epithelial cell was defined as the proportion of ME-scPGI pairs 

exhibiting co-activation in that cell. For comparison, AUCell scores of canonical tumor hallmark 

programs were used as expression-based classifiers. inferCNV and CopyKAT weak labels were 

used as reference annotations for malignant versus non-malignant epithelial cells. 

ME-scPGI score in bulk tumors and cancer cell lines 

The ME-scPGI scores were calculated across multiple bulk RNA-seq datasets (Table S6) and cell 

lines (Table S7). For bulk RNA-seq datasets and cancer cell lines, each gene’s expression across 

samples was divided into tertiles, and the upper tertile was used to define a high/active state. For 

an ME-scPGI pair 𝑀 (𝑔𝑖  & 𝑔𝑗) in sample 𝑠, we defined 

𝐽𝑖𝑗(𝑠) = {
1, 𝑖𝑓 both 𝑔𝑖 𝑎𝑛𝑑 𝑔𝑗  𝑓𝑎𝑙𝑙 𝑖𝑛𝑡𝑜 𝑡ℎ𝑒 𝑢𝑝𝑝𝑒𝑟 𝑡𝑒𝑟𝑡𝑖𝑙𝑒 𝑖𝑛 𝑠,

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,
 

and the bulk or cell-line ME-scPGI score was computed as 

𝑀E-scPGI(𝑠) =
1

𝑀
∑ 𝐽𝑖𝑗

𝑀

𝑚=1

(𝑐)  Equation (5) . 

The same definition was used across all bulk LUAD cohorts and pharmacogenomic cell-line panels. 

Pathway enrichment of ME-scPGI genes in bulk LUAD datasets 

To assess the pathway context of ME-scPGI genes in bulk tumors, we analyzed eight independent 

lung cancer transcriptomic datasets with paired tumor and normal samples. For each cohort, 

differential expression of ME-scPGI genes between tumor and normal tissues was computed using 

the Wilcoxon rank-sum test with FDR correction (adjusted P < 0.05), and genes were classified as 

upregulated, unchanged, or downregulated. We classified each ME-scPGI gene as downregulated, 

upregulated, or unchanged in tumors, and selected genes with a concordant direction of change in 
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≥4 cohorts for pathway enrichment analysis. Genes showing the same direction of change in at 

least four cohorts were then subjected to KEGG pathway enrichment using clusterProfiler, with P 

< 0.05 considered significant. 

Evaluation of immune infiltration in bulk RNA-seq 

The proportions of infiltrating immune cells were estimated via the "CIBERSORT" (v 0.1.0), 

"estimate" (v 1.0.13), and "xCell" (v 1.1.0) methods based on gene expression data. Immune 

checkpoint genes were obtained from the study of Hu et al.70. 

Survival analysis in multiple lung cancer dataset 

The patients were grouped by upper terciles of the ME-scPGI scores into high ME-scPGI scores 

and low ME-scPGI scores. The OS time of the two groups was tested using Log-rank test, P < 0.05 

was considered statistically significant and the results were represented by Kaplan-Meier plots. 

Spatial transcriptomic analysis 

LUAD spatial transcriptomic dataset from the Ad-SpatialAnalysis repository were processed to 

compute well-differentiated, proliferative and invasive scores per spatial spot using AUCell and 

ME-scPGI scores. AUCell scores for ME-scPGI and for well-differentiated, proliferative and 

invasive signatures were computed for each spatial spot. Spatial co-variation between different 

scores, FAM83A and its ME-scPGI partner genes (CRABP2, MACC1, MUC16, VSTM2L, 

HOMER3) was evaluated using Spearman correlation and visualized with spatial heatmaps. 

Assessment the association of ME-scPGI scores and drug response in lung cancer cells 

The pharmacological screening data were downloaded from (1) Genomics of Drug Sensitivity in 

Cancer (GDSC) (GDSC1 and GDSC2, v8.5); (2) Cancer Therapeutics Response Portal (CTRP) 
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(v2.0); (3) DepMap portal (PRISM Repurposing v19Q4). Cell lines in CTRP and PRISM 

Repurposing were referenced from the Cancer Cell Line Encyclopedia (CCLE). Cell line 

information and normalized gene expression values were obtained from GDSC and DepMap. AUC 

and IC50 values of drugs were collected as measures of cancer cell line sensitivity to small 

molecule treatments. Lower IC50/AUC values typically indicate greater sensitivity of the cell line 

to the drug. We identified drugs that IC50/AUC were significant positive or negative correlation 

with ME-scPGI score by Spearman’s rank correlation analysis in NSCLC cell lines. 

Identification of the T-scPGIs related to immunotherapy response 

In the T cells arising from the scRNA data and matched bulk data with immunotherapy information, 

we screened the T-scPGIs related to immunotherapy response with two procedures: (1) In the 

scRNA data of Hu et al., the T-scPGIs showed a higher AA expression pattern in the T cells from 

pre-treatment biopsy with partial response (PR) than in the T cells from pre-treatment biopsy with 

stable disease (SD) by One proportion Z-test with P < 0.05. (2) In the bulk RNA-seq data of Hu et 

al., the T-scPGIs showed a higher AA expression pattern in the response patients than in the non-

response patients of pre-treatment biopsy by One proportion Z-test with P < 0.05. 

The T-scPGIs related to immunotherapy resistance with two procedures: (1) In the scRNA 

data of Hu et al., the T-scPGIs showed a higher AA expression pattern in the T cells from Pre-

treatment biopsy with SD than in the T cells from Pre-treatment biopsy with PR by One proportion 

Z-test with P < 0.05. (2) In the bulk RNA-seq data of Hu et al., the T-scPGIs showed a higher AA 

expression pattern in the non-response patients than in the response patients of Pre-treatment 

biopsy by One proportion Z-test with P < 0.05. 
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The responses of NSCLC patients to immunotherapy were assessed in accordance with the 

response evaluation criteria in solid tumors (RECIST) clinical practice guidelines71. Patients with 

complete response (CR) or PR or SD > six months were classified as responders, while patients 

with progressive disease (PD) or SD < six months were classified as nonresponders based on 

RECIST when the stable disease times can be obtained. Otherwise, patients with CR or PR were 

classified as responders, while patients with PD or SD were classified as non-responders based on 

RECIST when the stable disease times cannot be obtained. 

Prediction of the immunotherapy response by T-scPGI 

We implemented the least absolute shrinkage and selection operator (LASSO) model to further 

optimize the T-scPGIs involved in T cell receptor signaling (TCR) genes or the cluster of 

differentiation (CD) genes related to immunotherapy response. The prediction model for 

immunotherapy response using T-scPGIs involved in TCR pathways were named as TCR-scPGIs. 

The prediction model for immunotherapy response using T-scPGIs involved in CD pathways were 

named as CD-scPGIs. The "glmnet" (v 4.1.7) package was used to perform the LASSO logistic 

regression analysis to predict immunotherapy response by minimizing the model error. The 

parameters of "glmnet" were set as family = "binomial", alpha = 1, and nfolds = 10, and the 

coefficients at lambda.min were selected to construct the predictive model. The receiver-operating 

characteristic (ROC) curve was plotted using the "pROC" (v 1.18.2) package. The best threshold 

value for ROC curve was determined by "cutoff" (v 1.3) R package to predict immunotherapy 

response72. 

Construction of the TCR-scPGIs signature 
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For T-scPGIs involving TCR-related genes, we derived a TCR-scPGI signature by selecting six T-

scPGI pairs via LASSO logistic regression in the discovery cohort. For each TCR scPGI pair, 

expression across patients was divided into tertiles, and the pair score was defined analogously to 

the bulk ME-scPGI definition: 

𝑆𝑐𝑜𝑟𝑒𝑔𝑖_𝑔𝑗
(𝑠) = {

1, 𝑖𝑓 both  𝑔𝑖 𝑎𝑛𝑑 𝑔𝑗  𝑓𝑎𝑙𝑙 𝑖𝑛𝑡𝑜 𝑡ℎ𝑒 𝑢𝑝𝑝𝑒𝑟 𝑡𝑒𝑟𝑡𝑖𝑙𝑒 𝑖𝑛 𝑠,

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.
 

The TCR-scPGI score for sample 𝑠 was then calculated as: 

TCR-scPGI score= 0.0254*ScoreCD3D_TNFRSF18 + 0.0392 ∗ ScoreCD3D_CKLF + 0.7874

∗ ScoreCD3E_HAVCR2 + 0.6008 ∗ ScoreIFNG_LAG3 + 0.7963 ∗ ScoreIFNG_HAVCR2

+ 0.6809 ∗ ScorePDCD1_TAP1  + 0.3961, Equation (6). 

A cutoff of 1.02 (estimated using the cutoff package) was used to stratify patients in the discovery 

cohort, and the same formula and cutoff were applied to all validation cohorts. Finally, the same 

formula and best threshold were applied to the other validation cohorts. 

Construction of the CD-scPGIs signature 

For the T-scPGIs involved in CD genes, we quantified a CD-scPGI score for each patient based on 

the eight T-scPGIs pairs signature through LASSO logistic regression analysis. The formula of the 

CD-scPGI score was as follows:  

0.0883    

Score*1.2498Score*0.0677    

Score*0.2370Score*0.7362    

Score*0.6265 Score*0.5779    

Score*1.2820Score*0.4755    

score scPGI-CD

NFRSF25TNFRSF18_TR2SIRPG_HAVC

2PRF1_HAVCRPDCD1_TAP1

2IFNG_HAVCR IFNG_LAG3

 2HCST_HAVCRCD3D_LAG3

++

++

++

++

=

 Equation (7), 

and the pair score was defined analogously to the bulk TCR-scPGI definition. The best threshold 
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value for ROC curve was determined as 0.952 by cutoff package. Finally, the same formula and 

threshold were applied to the other validation cohorts. 

Survival analysis in NSCLC treated with immunotherapy 

The patients were grouped by upper terciles of the TCR-scPGI scores into TCR-scPGI high scores 

and TCR-scPGI low scores. The OS time or PFS time of the two groups was tested using Log-rank 

test, P < 0.05 was considered statistically significant and the results were represented by Kaplan-

Meier plots. 

Functional enrichment analysis 

Functional enrichment analysis of Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 

were conducted via the "clusterProfiler" (v 4.8.1) R package73. 

Statistics 

Two-sided Wilcoxon rank-sum test was used to assess the discrepancy between scPGIs and non-

scPGIs, the CytoTRACE scores between cells with high subnet scores and low subnet scores, the 

subnet scores of hub genes between epithelia cells from patients with advanced stage and early 

stage, the average clone frequency between cells with high subnet scores and low subnet scores, 

Spearman's rank correlation test was used to estimate the association between scores of two cell 

groups. All statistical analyses and presentations were performed using R software (v 4.3.0). 

Abbreviations 

See details in Table S10. 
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