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Background

Immune checkpoint inhibitors (ICIs) treatment have shown high efficacy for about 15 cancer types. However, this therapy is only effective in 20-30% of cancer patients. Thus, the precise biomarkers of ICI response are an urgent need.





Methods

We conducted a prospective observational study of the prognostic potential ofseveral existing and putative biomarkers of response to immunotherapy in acohort of 85 patients with lung cancer (LC) receiving PD-1 or PD-L1 targeted ICIs. Tumor biosamples were obtained prior to ICI treatment and profiled by whole exome and RNA sequencing. The entire 403 putative biomarkers were screened, including tumor mutation burden (TMB) and number of cancer neoantigens, 131 specific HLA alleles, homozygous state of 11 HLA alleles and their superfamilies; four gene mutation biomarkers, expression of 45 immune checkpoint genes and closely related genes, and three previously published diagnostic gene signatures; for the first time, activation levels of 188 molecular pathways containing immune checkpoint genes and activation levels of 19 pathways algorithmically generated using a human interactome model centered around immune checkpoint genes. Treatment outcomes and/or progression-free survival (PFS) times were available for 61 of 85 patients with LC, including 24 patients with adenocarcinoma and 27 patients with squamous cell LC, whose samples were further analyzed. For the rest 24 patients, both treatment outcomes and PFS data could not be collected. Of these, 54 patients were treated with PD1-specific and 7 patients with PD-L1-specific ICIs. We evaluated the potential of biomarkers based on PFS and RECIST treatment response data.





Results

In our sample, 45 biomarkers were statistically significantly associated with PFS and 44 with response to treatment, of which eight were shared. Five of these (CD3G and NCAM1 gene expression levels, and levels of activation of Adrenergic signaling in cardiomyocytes, Growth hormone signaling, and Endothelin molecular pathways) were used in our signature that showed an AUC of 0.73 and HR of 0.27 (p=0.00034) on the experimental dataset. This signature was also reliable (AUC 0.76, 0.87) for the independent publicly available LC datasets GSE207422, GSE126044 annotated with ICI response data and demonstrated same survival trends on independent dataset GSE135222 annotated with PFS data. In both experimental and one independent datasets annotated with samples’ histotypes, the signature worked better for lung adenocarcinoma than for squamous cell LC. 





Conclusion

The high reliability of our signature to predict response and PFS after ICI treatment was demonstrated using experimental and 3 independent datasets. Additionally, annotated molecular profiles obtained in this study were made publicly accessible.
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Introduction

Immunotherapy by immune checkpoint inhibitors has changed the treatment landscape for many cancers in recent years. Unlike chemotherapy and targeted therapies, which target tumor cells directly, immunotherapy stimulates the patient's immune response or enhances the patient's ability to fight tumor cells. ICIs target regulators of immune checkpoints such as cytotoxic T-lymphocyte associated protein 4 (CTLA4), programmed cell death-1 (PD-1), or programmed death ligand 1 (PD-L1). Since the FDA approved a CTLA-4 inhibitor (ipilimumab) in 2011, six other ICIs have been approved by the FDA (1). Of these, three are PD-1 inhibitors (nivolumab, pembrolizumab, and cemiplimab) and three are PD-L1 inhibitors (atezolizumab, avelumab, and durvalumab). These ICIs are widely used in the daily practice of oncologists in the treatment of about 15 tumor types (2) and have shown high efficacy.

However, ICI treatment is only effective in 20-30% of cancer patients (3). Most patients do not respond to treatment or are resistant to treatment, which may be due to low infiltration by T cells, low tumor mutational burden (TMB), and poor antigenic presentation (3). Given the high cost of immunotherapy, effective identification and selection of potential responders has become a clinical challenge for the effective use of ICIs (4). There is an urgent need to develop and validate more accurate biomarkers to aid in the selection of patients for treatment with ICIs.

Several different types of predictive biomarkers have been developed to optimize the use of immunotherapy, including positive and negative predictive biomarkers to predict response or resistance to ICIs (5, 6), and side effect biomarkers to predict immune-related toxicity (7). Of these, three FDA-approved positive predictive biomarkers, PD-L1, microsatellite instability/defective mismatch repair (MSI/dMMR), and tumor mutational burden (TMB), are the most validated and clinically used (4). The use of these three FDA-approved biomarkers has played an important role in facilitating proper selection of patients for ICI treatment.

PD-L1 was the first prognostic biomarker for non-small cell lung cancer (NSCLC) approved by the FDA in 2015. PD-1 and PD-L1 belong to the family of immune checkpoint proteins. Their interaction plays a key role in regulating the immune system, ensuring that it is activated only at the right time to minimize excessive inflammation and autoimmune responses. PD-L1 is expressed on a variety of normal and immune cells such as dendritic cells, activated T and B lymphocytes and macrophages. However, cancers have also adopted this PD-1/PD-L1 interaction mechanism by expressing PD-L1 on the surface of tumor cells. Binding of tumor PD-L1 to PD-1 on T cells results in attenuation or inhibition of T cell activity, which helps tumor cells escape immune surveillance (8).

In turn, blocking the interaction between PD-L1 and PD-1 allows T cells to be reactivated and their activity against tumor cells to be enhanced. Since the number of tumor cells expressing PD-L1 greatly influences its ability to suppress immunogenicity and further determines the efficacy of PD-L1 and PD-1 blockade with ICI, PD-L1 expression on tumor cells is a predictive biomarker for ICI therapy (4). Despite its most widespread use, PD-L1 has low diagnostic accuracy in general, with particularly low negative predictive value. For example, it has been reported that up to 20% of patients with PD-L1-negative tumors benefit from PD-1/PD-L1 antibodies (9). In addition, PD-L1 expression is regulated in time and space (10) and may be altered by prior therapeutic treatment (11). The combination of these factors limits the predictability of PD-L1 in certain circumstances.

FDA approval and validation of MSI/dMMR was the second FDA-approved prognostic biomarker for pembrolizumab treatment of adult and pediatric patients with unresectable or metastatic solid tumors in 2017. The approval of pembrolizumab for the treatment of MSI-H (MSI-high)/dMMR cancer was based on evidence of efficacy from five clinical trials (12). This approval is the first drug approved for the treatment of solid tumors in general based on a generic biomarker rather than a specific tumor type. Tumors with a defective DNA mismatch repair (dMMR) system accumulate thousands of mutations throughout the genome. Because short tandem repeats are particularly susceptible to mismatch errors, dMMR-induced hypermutations are most often localized in microsatellite regions (short stretches of DNA 1-6 nucleotides long), a condition defined as microsatellite instability (MSI). MSI is a result and marker of dMMR (4). Tumors with dMMR will also have more mutations in non-MSI regions throughout the genome and are expected to have more neoantigens compared to tumors with intact MMR (13). However, this genetic abnormality is relatively rare in lung cancers being characteristic for colorectal, cervical, and ovarian tumors (14).

TMB is a measure of the number of gene mutations that can be reported as the total number of nonsynonymous somatic mutations in the tumor exome (15) or per megabase (16). TMB was approved for pembrolizumab for the treatment of adult and pediatric patients with unresectable or metastatic solid tumors. Foundation One CDx assay was also approved as a companion diagnostic test (4). A high number of mutations in somatic exonic regions will lead to an increase in neoantigen production, some of which are immunogenic, and could then be recognized by T cells, resulting in improved antitumor immune responses. Consequently, patients with high TMB likely produce more intensified immune responses and are more sensitive to ICI treatments (4).

In addition, a number of emerging biomarkers including various gene signatures have been proposed with the goal of finding more efficient and accurate biomarkers suitable for a broader population of tumor patients, including immunologically cold tumors (4). Additionally a number of signaling molecules, such as cytokines expressions were reported as a putative biomarkers of ICI response (17, 18).

Here we conducted a prospective observational study of the prognostic potential of several existing and putative biomarkers of response to immunotherapy in a cohort of 85 patients with lung cancer (LC) receiving PD-1 or PD-L1 targeted immune checkpoint inhibitors (ICIs). Tumor biosamples were obtained prior to ICI treatment and profiled by whole exome and RNA sequencing. The entire 403 putative biomarkers were screened, including tumor mutation burden (TMB) and number of cancer neoantigens, 131 specific HLA alleles, homozygous state of 11 HLA alleles and their superfamilies; four gene mutation biomarkers, expression of 45 immune checkpoint genes and closely related genes; for the first time, activation levels of 188 molecular pathways containing immune checkpoint genes and activation levels of 19 pathways algorithmically generated using a human interactome model centered around immune checkpoint; additionally, three existing signatures for ICI response prediction were assessed on our dataset. Treatment outcomes and/or progression-free survival (PFS) times were reported in 61 patients with lung cancer, including 24 patients with adenocarcinoma and 27 patients with squamous cell lung cancer. Of these, 54 patients were treated with PD1-specific and 7 patients with PD-L1-specific ICIs. We evaluated the potential of biomarkers based on PFS and RECIST treatment response data. In our sample, 45 biomarkers were statistically significantly associated with PFS and 44 with response to treatment, of which eight were shared. Five of these (CD3G and NCAM1 gene expression levels, and levels of activation of Adrenergic signaling in cardiomyocytes, Growth hormone signaling, and Endothelin molecular pathways) were used to construct a signature that showed an AUC of 0.73 and HR of 0.27 (p=0.00034) on the experimental dataset. This signature was also reliable (AUC 0.76) for the independent publicly available LC dataset GSE207422 annotated with ICI response data. In both datasets, the signature worked better for lung adenocarcinoma than for squamous cell LC. All molecular profiles obtained in this study and their clinical annotations are in the public domain and can be freely used by the scientific community. 





Materials and methods




Patient biosamples

The study was designed and conducted in accordance with the ethical principles of the Declaration of Helsinki. The local ethical committee at the Vitamed Clinic, Moscow, approved the study design and public presentation of its results as a research paper; date of approval: 12 March 2019. All biosamples were formalin-fixed, paraffin-embedded (FFPE) solid tumor blocks obtained from primary or metastatic tumor sites and evaluated by a pathologist, with at least 60% cancer cells.

The patients included in this study received PD(L)1 specific ICI therapy within the frameworks of clinical trials NCT03777657 (19), Oncobox (NCT03724097), CheckMate 078 (20), and (21) CheckMate 817. All patients whose biosamples were included in the present study had previously signed written informed consents to participate in the observational clinical investigation and to have their biosamples profiled by sequencing using the Illumina HiSeq3000 or Illumina NextSeq550 next-generation sequencing platforms. The patients also agreed to the publication of depersonalized WES/RNAseq profiles of their cancer samples, as well as the publication of study results in the form of gene activity profiles associated with age, gender, and diagnosis.

All biosamples were collected prior to the treatment with ICI PD(L)1 therapeutics, which was the next line of treatment. Where possible, progression free survival times and tumor response statuses according to RECIST criteria were collected (Supplementary Table 1). The patients whose tumor response status was defined as Complete Response (CR) or Partial Response (PR) were categorized as the treatment responders. The patients whose RECIST treatment outcomes were Stable Disease (SD) or Progressive Disease (PD) were considered as the non-responders to treatment.





RNA sequencing

RNA sequencing was performed at the Laboratory of Clinical Genomic Bioinformatics, Sechenov First Moscow State Medical University, as previously described (22, 23). Library construction and ribosomal RNA depletion were carried out using the KAPA RNA Hyper with rRNA Erase (HMR only) kit. Library concentrations were measured with the Qubit dsDNA HS Assay kit (Life Technologies) and quality was assessed using the Agilent Tapestation (Agilent). RNA sequencing was performed on an Illumina NextSeq 550 system for single-end sequencing with a 50 bp read length, generating at least 30 million raw reads per sample. Data quality was checked using Illumina SAV, and de-multiplexing was performed with Illumina Bcl2fastq2 v2.17 software.





Processing of RNA sequencing data

RNA sequencing FASTQ files were processed using the STAR aligner (24) in "GeneCounts" mode with Ensembl human transcriptome annotation (Build version GRCh38, transcript annotation GRCh38.89). Ensembl gene IDs were converted to HGNC gene symbols using the Complete HGNC dataset (https://www.genenames.org/, database version from July 13, 2017). In total, expression levels were determined for 36,596 genes with HGNC identifiers. RNA-seq data normalization was performed using the DESeq2 (25), and a pseudo-count of 1 was added to the normalized counts.





Whole exome DNA sequencing

Whole exome DNA sequencing (WES) was performed as previously described (26). DNA was extracted from FFPE tissue samples using the AnaPrep FFPE DNA extraction kit, and whole exome DNA was captured from total genomic DNA using the SeqCap EZ System from NimbleGen, following the manufacturer’s instructions. Briefly, genomic DNA was sheared, size-selected to approximately 200–250 base pairs, and the ends were repaired and ligated to specific adapters and multiplexing indexes. The fragments were then incubated with SeqCap biotinylated DNA baits followed by LM-PCR, and the RNA-DNA hybrids were purified using streptavidin-coated magnetic beads. The RNA baits were then digested to release the targeted DNA fragments, followed by a brief amplification of 15 or fewer PCR cycles. Sequencing was performed on an Illumina NextSeq 550 for a paired-end 150 run. Data quality was checked using Illumina SAV, and demultiplexing was performed with the Illumina Bcl2fastq2 v2.17 program.





Processing of WES data

For WES data analysis, the GATK somatic mutation calling pipeline was utilized. Reads were aligned to the human genome version 38 using BWA mem v0.7.17 software (27) with the following non-default parameters: −k 15, −r 2. The remaining pre-processing steps were identical to those described for the RNAseq pipeline, except that reads splitting and mapping quality editing steps were omitted.

For mutation calling, GATK4 Mutect2 (28) software was used simultaneously for tumor and matched normal samples, supplied with the same dbSNP and indel databases, regions, and PCR model. Subsequent post-processing steps included filtering with GATK4 FilterMutectCalls and annotation with ANNOVAR. All tri- or more allelic sites were excluded from further analyses, as such mutations were not annotated using ANNOVAR and were not included in TMB calculation. For managing parallel computational tasks, GNU parallel software was employed.





Construction of gene-centric molecular pathways

The gene-centric molecular pathways specifically centered around gene product of interest were algorithmically reconstructed as previously reported in (29). Briefly, a model of the human interactome was constructed using the OncoboxPD collection of human molecular pathways (30) as a knowledge base of molecular interactions. Gene composition and nodal pathway interactions were extracted and cataloged. All pathway graphs were merged based on overlapping gene products. Only the gene products were included that formed a connected network, i.e. there was a link between each pair of gene products.

For each of the specific gene products under analysis, algorithmic molecular pathways were constructed using gene products of interest as the central nodes. The following types of interactions were considered: "activation", "coupling", "inhibition", "phosphorylation", "dissociation", "repression", "dephosphorylation", "binding/association", and "ubiquitination".





Pathway activation analysis

Functionally annotated structures of molecular pathways were extracted from online OncoboxPD database (30) and the enclosed bioinformatic instruments were used to assess the pathway activation levels (PALs) using experimental data.

The PAL values were calculated according to the following formula (31):

	

where CNRn (case-to-normal ratio) is the ratio of gene n expression level in the sample under investigation to the mean geometrical expression level in the group of control samples. The Boolean flag BTIFn (beyond tolerance interval flag) is zero when the CNRn value has not passed the significance criterion: when the difference with the control group of samples is not significant, where p>0.05. ARRn,p (activator/repressor role of gene n in pathway p) is the discrete value that equals to −1 when gene product n is a repressor of pathway p; 1, when gene product n is an activator of pathway p; 0, when gene product n has both activities of an activator and of a repressor of pathway p; 0.5 and −0.5, respectively, when gene product n is rather an activator or repressor of pathway p.

Each profile was normalized on a control group of RNA sequencing profiles previously obtained for healthy human lung tissues by the same research group using the same sequencing equipment and protocols (22).

For the calculation of PALs we used DESeq2 normalized counts which were processed using OncoboxPD web tool (30) using built-in panel of normal lung tissues as the reference.





HLA calling

HLA-A, HLA-B, HLA-C, HLA-DPB1, HLA-DQB1, and HLA-DRB1 alleles were assessed for all WES samples. HLA allele calling for both classes of MHC was done via xHLA software version 1.2 (32). HLA superfamilies were assigned according to Sidney et al. (33).





Statistical biomarker analysis

ROC AUC value was calculated for each putative biomarker to assess its ability to distinguish between responders and non-responders to treatment with PD(L)1 specific ICI therapeutics. AUC calculations were performed using ‘pROC’ R package (v1.18.5) (34).

Additionally, Mann–Whitney U test was performed between the groups of responders and non-responders for numerical markers and Fishers’ exact test for categorical markers.

Survival analysis was performed using Cox regression model. For categorical markers (such as the presence of HLA alleles or specific mutations) model was fit by categorical explanatory variable. For numerical markers (such as gene expressions and PALs) numerical explanatory variables were translated to categorical using specific thresholds calculated by optimizing HR provided that in each group must have at least 30% of the sample size. After threshold determination, a categorical value was assigned to each patient and then used to fit Cox regression model. To fit Cox models and plot Kaplan Meier curves, ‘survminer’ (v0.4.9) and ‘survival’ (v3.5-5) (35) R packages were used.





Assessment of diagnostic signatures

Tumor Immune Dysfunction and Exclusion (TIDE) signature (36) was quantitatively assessed using TIDEpy library (v. 1.3) (37) in the NSCLC mode using TPM values of genes.

T cell-inflamed gene expression profile (GEP) (38) signature was assessed using weighted sum of normalized by housekeeping genes log2 TPM expression values according to (39).

Integral GEP + TMB signature was assessed as a categorical marker between the groups of patients with TMBhigh +GEPhigh and TMBlow+GEPlow. “High” TMB status was determined as TMB exceeding 10 non-synonymous mutations per megabase of coding genomic sequence and “high” GEP status was determined as GEP value exceeding optimized threshold calculated for PFS analysis.





Principal component analysis

Principal component analysis (PCA) was performed using TPM gene expression values with scikit-learn (v. 1.5.1) software.






Results

This study was designed to establish whole-exome (WES) and RNA sequencing profiles of non-small cell lung cancer (NSCLC) biosamples obtained from patients prior to immunotherapy with PD-1 or PD-L1 specific ICI therapeutics. In this longitudinal study, progression-free survival (PFS) times and RECIST criteria-based treatment outcomes for the patients under analysis were recorded and analyzed. We explored totally 403 putative molecular biomarkers including tumor mutation burden (TMB) and number of cancer neoantigens, characteristic gene signatures, 131 specific HLA alleles, homozygous state of 11 HLA alleles and their superfamilies; four gene mutation biomarkers, expression of 45 immune checkpoint genes and closely related genes and three previously published signatures. For the first time, we assessed biomarker potential of the activation levels of 188 molecular pathways containing immune checkpoint genes and activation levels of 19 pathways algorithmically generated using a human interactome model centered around immune checkpoint genes. Based on the best biomarkers detected, a synthetic biomarker signature was developed with the optimal PFS and RECIST survival predictive value that was further validated on an independent clinically annotated lung cancer immunotherapy molecular dataset GSE207422.




Clinical cohort and biosamples

The cohort under analysis included stage IV NSCLC patients with available formalin-fixed, paraffin-embedded (FFPE) tumor tissue biosamples obtained before the treatment with PD-1-specific or PD-L1-specific ICI immunotherapeutic drugs, or both. Treatment with ICI therapeutics was the next line after obtaining tissue biomaterials. The biomaterials were biopsies or surgical materials obtained for either primary or metastatic tumors (Supplementary Table 1). Initially, 85 patients were included into the investigation. However, for 24/85 patients no further ICI treatment outcomes could be obtained. Thus, 61 patients where either RECIST response status or PFS time, or both were registered, were included in further analysis (Supplementary Table 1).

The patients were 20 women (47-79 years old, mean 59 y.o.) and 41 men (41-75 years old, mean 62 y.o.), Table 1, Supplementary Table 1.


Table 1 | Summary statistics of the Oncobox NSCLC Immunotherapy cohort.



Among them, 27 patients were diagnosed with squamous cell carcinoma, 24 with adenocarcinoma, 9 had mixed phenotype, and one with neuroendocrine cancer (Figure 1, Supplementary Table 1). In 12 cases, the biosamples were isolated from metastatic sites, whereas the remaining 49 biosamples represented the primary tumors.




Figure 1 |     Characteristics of biosamples of the experimental NSCLC cohort. (A) Technical characteristics of biosamples under analysis. Sample IDs are given on the left. Color markers indicate availability of the RNAseq, WES profiles; tumor Histotypes established by pathologists; primary or metastatic origin of tumor samples; treatment with PD-1 or PD-L1 ICI therapeutics; treatment with CTLA4 ICI therapeutics; Availability of PFS data and availability of RECIST treatment response data. More detailed characteristics are given in Supplementary Table 1. (B) Principal component analysis (PCA) plot of RNA sequencing profiles in the experimental NSCLC cohort in comparison with the healthy lung tissue controls. Dot color indicates tissue type.



RNA sequencing (RNAseq) data were obtained for all 61 samples under analysis, whereas whole exome sequencing (WES) data could be obtained for 51/61 samples because DNA of sufficient quality for sequencing could not be isolated from 10/61 biosamples (Supplementary Table 1).

The RNA sequencing results are freely accessible through GEO repository with ID GSE274975.

Twenty-six patients received PD-1 or PD-L1 (PD(L)1)-specific ICI therapeutics as the monotherapy, whereas the others received combination therapies (Supplementary Table 1). Fifty-four patients received PD-1-specific and seven patients – PD-L1-specific ICI therapeutics (Supplementary Table 1). Eleven patients received combined treatment with (PD(L)1)-specific and CTLA4-specific ICI therapeutics (Figure 1, Supplementary Table 1).

The data on RECIST response status and PFS times are outlined in Supplementary Table 1.

The summary statistics of the entire patient cohort is given in Table 1.





Assessment of putative molecular biomarkers

On our experimental sampling, we then assessed the predictive capacity of totally 403 putative molecular ICI therapy biomarkers in relation to either RECIST response or PFS times for the treatment with PD(L)1 ICI therapeutics (Figure 2). For these analyses, we considered patients who demonstrated RECIST “complete response” and “partial response” as the treatment responders, whereas RECIST “progressive disease” and “stable disease” outcomes were attributed to the non-responders to treatment.




Figure 2 | Outline of the putative PD(L)1 ICI NSCLC response biomarkers investigated in this study. The putative biomarkers used were assessed using RNA sequencing (left) or WES data (right).



The biomarkers under analysis included tumor mutation burden (TMB) and number of cancer neoantigens, presence of 131 MHC (HLA) alleles identified by WES, homozygous state of HLA genes and their superfamilies which were previously associated with response to PD(L)1 ICI therapeutics in melanoma (40). This list also included presence of mutations in KRAS, STK11, POLE and PTEN genes previously associated with the sensitivity to ICI treatments (4). These results are summarized on Supplementary Table 2.

Additionally, immunohistochemical status of PD-L1 was assessed for 22 patients (12 positives, 10 negatives) for which these records were available. This biomarker demonstrated expected trend, yet the results of ICI response prediction (AUC = 0.72, Fisher’ exact test p = 0.14) and survival analysis (HR = 0.66, p = 0.42) appeared insignificant.

For the gene expression biomarkers, we assessed 45 transcriptional levels of known immune checkpoint genes or relevant genes playing major roles in p38 signaling along with expression levels of cytokines previously reported as ICI response biomarkers (Supplementary Table 3). In addition, for the first time, we assessed the activation levels of intracellular molecular pathways as the putative ICI response biomarkers. The pathway activation level (PAL) is the metric that reflects the extent of up/downregulation of a pathway in tumor samples under analysis compared to the corresponding normal samples. Positive PAL indicates upregulation of a pathway, zero PAL means no changes in pathway activation, and negative PAL means downregulation (30). PAL values were previously reported as the biomarkers for various types on non-ICI targeted therapeutics in human cancers such as ramucirumab, trastuzumab, bevacizumab, cetuximab and sorafenib (41–46). In a recent case report, extreme activation of a PAL of PD-1 signaling cascade along with the high tumor infiltration by T-cells was a main reason to successfully prescribe off-label PD-1 specific immunotherapy to a IV stage chemoresistant gastric cancer patient (26).

Thus, we assessed activation levels of 188 human molecular pathways containing immune checkpoint genes or p38 MAPK proteins which were found relevant to ICI responsiveness in previous research (47). Furthermore, based on the previous human cancer cell interactome models (48, 49) we algorithmically reconstructed 19 additional molecular pathways specific for the immune checkpoint genes, and used their activation levels as the putative biomarkers (Supplementary Table 3). The following immune checkpoint genes were considered: LILRB4, TIGIT, LAG3, HAVCR2, PDCD1, CTLA4, CD28, TNFRSF9, ICOS, CD56, CD226, CD274, CD80, CD86, TNFSF9, ICOSLG, VSIR, LILRB2, and CD276. Additionally, the expression of the number of cytokines were assessed in concordance with previous research. The cytokines-related genes being considered includes: CXCL8, CXCL10, CXCL11, IL2, IL6, TNF (18, 50).

Finally, we also assessed the biomarker potential of the previously published gene signatures T-cell inflamed gene expression profile (GEP), T-cell dysfunction and exclusion gene signature (TIDE), and TMB+GEP signatures that have been reported as the emerging ICI response biomarkers (4, 51).

Among them, the highest predictive capacity was demonstrated by GEP signature with hazard ratio (HR) = 0.31 (p= 0.0011) for PFS analysis, however, it could not differentiate the groups of treatment responder and non-responder patients (AUC = 0.56). Combination of TMB with GEP signature demonstrated non-statistically significant association with PFS and poor AUC value (AUC = 0.55). In turn, TIDE signature also showed non-statistically significant association with PFS and poor AUC value (AUC = 0.55).

Interestingly, in our NSCLC sampling we observed correlated transcriptional activities of some immune checkpoint genes that formed clear-cut clusters on the correlation dendrogram (Figure 3). In particular, we found clustered expression of CD80, LILRB2, LILRB4 and LAG3 genes (cluster 1), VSIR, HAVCR2, CD86, TNFRSF9, CD226 and TIGIT genes (cluster 2), and, most importantly, coordinated expression of CD28, PDCD1, ICOS, and CTLA4 genes (cluster 3), Figure 3.




Figure 3 | Correlation heat map representing statistically significant Pearson correlation coefficients obtained for the expression of immune checkpoint genes in the experimental NSCLC cohort. Color reflects correlation coefficients (see color scale) and dot size corresponds to the -log10(p-value) of the Pearson correlation test.



On the whole NSCLC sampling we found 45 putative biomarkers that were statistically significantly associated with survival times (PFS thresholds were hazard ratio (HR) greater than 2.5 or less than 0.4, and p-value<0.05),Supplementary Table 3. Among them, there were 11 WES-based putative biomarkers (listed from greater to lower significance): the presence of HLA alleles DP-B1-104-01, DQ-B1-05-04, B-49-01, A-02-05, DQ-B1-06-11, DP-B1-02-01, DQ-B1-03-01, DQ-B1-06-03, DR-B1-13-01, A-26-01, and B-44-02.

Seven PFS biomarkers were related to transcriptional activities of individual genes (NCAM1, CD3G, ICOS, CTLA4, CD3D, CD3E, CXCL11,and FOXP3).

Other seven PFS biomarkers were related to the algorithmically reconstructed gene-centric pathways (built around proteins CD86, TIGIT, CD226, CD80, CD274, PDCD1, and PDCD1LG2)

Finally, the remaining 19 PFS biomarkers were the activation levels of previously catalogued molecular pathways (from greater to lower significance) (1): Co-stimulatory signal during T-cell activation main pathway, (2) Endothelins main pathway, (3) Co-stimulation by the CD28 family main pathway, (4) The 41bb-dependent immune response main pathway, (5) Adrenergic signaling in cardiomyocytes main pathway, (6) STAT3 pathway (growth arrest and differentiation), (7) Tumor infiltration pathway, (8) Rheumatoid arthritis main pathway, (9) Growth hormone signaling pathway (gene expression via SRF, ELK1, STAT5B, CEBPD, STAT1, STAT3), (10) PD-1 signaling main pathway, (11) Growth hormone signaling pathway, (12) TRAF pathway, (13) FLT3 signaling pathway, (14) RANK signaling in osteoclasts pathway, (15) Dopaminergic synapse main pathway, (16) FLT3 signaling pathway (transcription via ELK3, MAPK12, CREB3, STAT2), (17) ErbB family pathway, (18) GPCR pathway (gene expression via JUN, NFKB2, ELK1, SRF, FOS, CREB3), and (19) IL10 pathway. Of note, all of these pathways were the positive treatment response biomarkers as could be judged by their HR values (Supplementary Table 3).

On the other hand, when the biomarkers were selected based on their capacity to distinguish between RECIST responders and non-responders, 44 putative biomarkers were found (Supplementary Table 3). To identify them we applied two criteria: Mann-Whitney test p-value<0.05 for distinguishing the treatment responders and non-responders and ROC AUC > 0.62. AUC, area under ROC-curve, is a metric summarizing specificity and sensitivity of a biomarker in two-class separation. It varies between 0.5 and 1, and good-quality clinical biomarkers typically demonstrate AUC higher than 0.7 (17).

The threshold of AUC>0.62 was selected to identify 10% of top biomarkers by RECIST response.

Among them, only three WES-based biomarkers were found (sorted from greater to lower significance): HLA alleles A24 and DP-B1, and mutation in POLE gene.

The following seven gene expression biomarkers were found (from top to bottom): PDCD1, CTLA4, CD274, IL2, IL2RA, NCAM1, CD3G, and CD86.

For gene-centric pathways, two putative biomarkers were found: for pathways built around MAPK14 and MAPK11 proteins.

Finally, the biggest number of such RECIST response biomarkers represented the previously established molecular pathways (29 biomarkers): (1) Growth hormone signaling pathway (gene expression via SRF, ELK1, STAT5B, CEBPD, STAT1, STAT3), (2) Prolactin signaling main pathway, (3) Endothelins main pathway, (4) Adrenergic signaling in cardiomyocytes main pathway, (5) Growth hormone signaling pathway, (6) S1P2 main pathway, (7) CDO in myogenesis main pathway, (8) Pertussis main pathway, (9) TGF-beta pathway (transcription-arrested growth, apoptosis), (10) TGF-beta pathway (transcription-cell growth and mobility and angiogenesis), (11) Chemokine pathway (cell activation), (12) Activation of the AP1 family of transcription factors main pathway, (13) CD40-CD40L signaling main pathway, (14) Oocyte meiosis main pathway, (15) cAMP pathway (cytokine production), (16) Activation of PPARGC1A PGC1-alpha by phosphorylation main pathway, (17) DSCAM interactions main pathway, (18) cAMP pathway, (19) RANK signaling in osteoclasts pathway (expression of osteoclastic genes via JUN, NFAT5, NFKB2, MITF, FOS), (20) RAC1 signaling main pathway, (21) Chemokine pathway (gene expression and apoptosis via ELK1), (22) MAP kinase signaling main pathway, (23) Stathmin and breast cancer resistance to anti-microtubule agents main pathway, (24) IL10 pathway, (25) ErbB family pathway (gene expression via JUN, FOS, ELK1), (25) RIG1-like receptor signaling main pathway, (26) IL10 pathway (IL 10-responsive genes: transcription of BCLXL, Cyclin D1, D2, D3, Pim1, c-Myc, P19, INK4D via STAT3), (27) IL10 pathway (inflammatory cytokine gene expression via STAT3), (28) MAPK signaling main pathway, (29) Rap1 signaling main pathway. Interestingly, as for the PFS biomarkers, all of these pathways except for Oocyte meiosis main pathway were the positive treatment response biomarkers.

In order to identify a fraction of universal biomarkers that distinguish NSCLC patients by PFS times and RECIST response, we then interested the above 45 PFS biomarkers and 44 RECIST response biomarkers (Figure 4).




Figure 4 | Intersection of PFS biomarkers and RECIST response biomarkers identified in this study for NSCLC patients in relation to responsiveness to PD(L)1 ICI therapeutics. (A) Intersection diagram of PFS and RECIST response biomarkers. (B) Statistics for the intersected biomarkers identified including PFS-based HR values with p-values, AUC values for differentiating treatment responders and non-responders (R vs NR), and Mann-Whitney test p-values for differentiating treatment responders and non-responders.



The following intersected biomarkers were found: (1) PAL of Growth hormone signaling pathway (gene expression via SRF, ELK1, STAT5B, CEBPD, STAT1, STAT3), (2) PAL of Endothelins main pathway, (3) PAL of Adrenergic signaling in cardiomyocytes main pathway, (4) expression level of CTLA4 gene, (5) PAL of Growth hormone signaling pathway, (6) expression level of NCAM1 gene, (7) expression level of CD3G gene, and (8) PAL of IL10 pathway (Figure 4, Table 2).


Table 2 | Major characteristics of intersected PFS and RECIST response biomarkers identified in the experimental NSCLC cohort*.



Note that among the intersected items there were no WES-derived biomarkers. In our sampling, the well-established NSCLC biomarkers such as TMB and expression level of PD-L1 (CD274) gene showed insufficient capacity of distinguishing patients by PFS and/or by RECIST treatment response (Supplementary Table 3). In particular, expression level of CD274 gene showed AUC 0.67 for the whole NSCLC sampling, AUC 0.69 and 0.68 for the lung adenocarcinoma and squamous cell lung carcinoma subsets, respectively. At the same time, in all our cohorts it showed no statistically significant association with the PFS. In turn, TMB showed no significant association with RECIST response except for the squamous cell lung carcinoma subset (AUC 0.72) whereas no statistically significant association with PFS could be detected (Figure 5).




Figure 5 | Progression-free survival analysis of tumor mutation burden (TMB) as the biomarker in the experimental NSCLC sampling. The Kaplan-Meier plots are given for the whole NSCLC dataset, and separately for the lung adenocarcinoma and squamous cell lung carcinoma sub-datasets. TMB-high status was defined as TMB greater than 10 per megabase.



The association of TMB and homozygosity of HLA genes was also of an insufficient significance in our samplings (data not shown).

On the other hand, all of the intersected biomarkers were previously associated with the response to ICI immunotherapies. As to the first biomarker (PAL of Growth hormone signaling pathway (gene expression via SRF, ELK1, STAT5B, CEBPD, STAT1, STAT3), Figure 6), growth hormone signaling has been previously associated with the local activity of immune system (52, 53) and with the efficacy of ICI treatment in human cancers (54, 55).




Figure 6 | Activation profile of the Growth hormone signaling pathway (gene expression via SRF, ELK1, STAT5B, CEBPD, STAT1, STAT3) in the experimental NSCLC groups of RECIST responders (A) and non-responders (B) to PD(L)1 ICI immunotherapy. Color reflects the logarithm of the case-to-normal ratio (CNR) of the pathway nodes, color scale is given (green – upregulated, red – downregulated, white – intact). Arrows show molecular interactions within a pathway: green stands for activation, red for inhibition. PAL values were calculated for the averaged biosamples in the treatment responder and non-responder groups.



For the second intersected biomarker identified here (PAL of Endothelins main pathway), the association of endothelin receptor type B with the response of lung adenocarcinomas to immunotherapy was recently reported (56). In stomach adenocarcinoma, endothelin receptor type A was strongly implicated in building tumor immune microenvironment (57). The third biomarker (PAL of Adrenergic signaling in cardiomyocytes main pathway) is also in line with the previous reports of the use of beta-blockers as the supplement to ICI immunotherapy. A trend was observed towards better outcomes in advanced NSCLC patients in the beta-blocker group (median overall survival of 9.93 months in the group not taking beta-blockers versus 14.90 months in the beta-blocker group) (58).

The fourth biomarker was the expression of CTLA4 gene which association with ICI immunotherapy is obvious. The fifth biomarker (PAL of Growth hormone signaling pathway) was also related to growth hormone pathway which association with ICI immunotherapy is discussed above. The association of the sixth biomarker (expression level of NCAM1 gene, Figure 7) with the response to ICI immunotherapy in lung cancer was also previously reported (59).




Figure 7 | Assessment of biomarker potential of NCAM1 gene expression level as the PD(L)1 ICI response biomarker in the experimental NSCLC sampling. (A–C) Progression-free survival analysis in the experimental NSCLC sampling. The Kaplan-Meier plots are given for the whole NSCLC (A) dataset, and separately for the lung adenocarcinoma (B) and squamous cell lung carcinoma (C) sub-datasets. (D–F), ROC AUC analysis of RECIST response status assessed for the whole NSCLC cohort (D) dataset, and separately for the lung adenocarcinoma (E) and squamous cell lung carcinoma (F) sub-datasets. “R” means treatment responder, “NR” – non-responder.



The same is true also for the seventh intersected biomarker from our study, expression level of CD3G gene, which was found to be associated with better response to lung cancer in a recent report on a lower sampling (60), in line with the current findings. Similarly, for the eighth (last) biomarker, PAL of IL10 pathway, Figure 8, an association of the level of plasma IL10 with the ICI treatment response in melanoma and NSCLC was recently established (61).




Figure 8 | Activation profile of the Interleukin 10 signaling pathway in the experimental NSCLC groups of RECIST responders (A) and non-responders (B) to PD(L)1 ICI immunotherapy. Color reflects the logarithm of the case-to-normal ratio (CNR) of the pathway nodes, color scale is given (green – upregulated, red – downregulated, white – intact). Arrows show molecular interactions within a pathway: green stands for activation, red for inhibition. PAL values were calculated for the averaged biosamples in the treatment responder and non-responder groups.



Thus, the intersected biomarkers of NSCLC response on ICI treatment identified here are strongly relevant to immunotherapy efficacy according to the current literature.





Generation of diagnostic signature of NSCLC response to ICI treatment

Among the intersected PFS- and RECIST-response biomarkers identified on the previous step only two had AUC for discriminating treatment responders and non-responders exceeding 0.7, which is typically considered a threshold for the high-quality biomarkers (Table 2). However, none of them could meet the condition of high-quality association with PFS (HR<0.4 or >2.5; p<0.05) and AUC exceeding 0.7 for any of the major NSCLC sub-cohorts (adenocarcinoma or squamous cell lung carcinoma, Table 2). Thus, we attempted to construct a new ICI response biomarker diagnostic signature that could meet the above quality criteria for at least the whole NSCLC cohort and for one of the above sub-cohorts.

For gene signature generation, we took the above eight intersected biomarkers as the starting components. All biomarker values were normalized using a min-max scaler to ensure equal contribution from each marker in the subsequent analysis. We aimed to design a risk score which is capable of both predicting response and pathological free survival. To this end we combined stepwise HR optimization with multivariate logistic regression model trained to predict patient response.

Our algorithm consisted of following steps:

	Remove 1 marker from the current set of biomarkers.

	Predict coefficients for risk score using multivariate logistic regression model.

	Adjust threshold for the risk score to predict survival as it was done for single markers.

	Calculate HR for risk score using Cox model.

	Compare calculated HR with previously acquired HRs.



Marker which removal resulted in best risk score improvement in terms of HR was then removed from the current set of biomarker components. The algorithm was repeated until removal of any component did not result in signature improvement and the ability to distinguish patients with different PFS. Five of the above eight putative biomarkers were incorporated into the final signature (termed Oncobox signature) and were included in the final risk score formula (Table 3).


Table 3 | The components and their multivariate regression logistic coefficients used to calculate the ICI response diagnostic signature-based risk score.



A prognostic risk score of the Oncobox diagnostic signature obtained in this way was calculated using 5 components as a sum of biomarker values multiplied by the coefficients obtained (Table 3). We initially assessed the prognostic significance of the Oncobox signature on the experimental NSCLC dataset and two sub-datasets (Figure 9). We assessed the Oncobox signature capacity to distinguish patients according to RECIST responder and non-responder outcomes, as well as to group patients by PFS times.




Figure 9 | Assessment of biomarker potential of the Oncobox gene signature as the PD(L)1 ICI response biomarker in the experimental NSCLC sampling. (A) heatmap outlining normalized values of signature components, signature risk score, response statuses, and PFS times. (B, D) F, ROC AUC analysis of RECIST response status assessed for the whole NSCLC cohort (B) and separately for the lung adenocarcinoma (D) and squamous cell lung carcinoma (F) sub-cohorts. (C, E, G) Progression-free survival analysis in the experimental NSCLC sampling. The Kaplan-Meier plots are given for the whole NSCLC (C) dataset, and separately for the lung adenocarcinoma (E) and squamous cell lung carcinoma (G) sub-datasets. “R” means treatment responder, “NR” – non-responder. (H) Box-and-whisker plot for signature values in a whole experimental dataset and in sub-datasets of lung adenocarcinoma and squamous cell carcinoma. p-values are presented for one-sided Mann-Whitney tests between responders (R) and non-responders (NR).



We observed a superior performance for the Oncobox signature compared to any of the individual intersected biomarkers used as the signature components. In all three experimental NSCLC groups, the signature showed strong HR values (0.27-0.31, p-value 0.00034-0.046). In two cohorts (whole NSCLC cohort and lung adenocarcinoma cohorts) the signature showed high ROC AUC values (0.73 and 0.82, respectively), whereas in the squamous cell carcinoma cohort the signature showed a borderline value of AUC 0.69 (Figure 9).

We also assessed the Oncobox signature performance on a modified experimental cohort with metastatic samples excluded, since their gene expression patterns may be strongly different from the primary tumor sites. The signature preserved its predictive power in terms of response prediction and improved it for prediction of PFS, reaching HR = 0.22 on the whole NSCLC cohort (Supplementary Figure 1).

To additionally test the predictive capacity of our signature we applied multivariable survival analysis with variables such as signature status, gender, age and therapy regime. We found that the additional regressors had either non-significant HR values or non-statistically significant p-values, or both, with the exception of a parameter “anti-PD-1 therapy” in lung squamous cell carcinoma (Supplementary Table 4), where the smallest HR of 0.06 was assigned to anti PD-1 therapy status. We speculate that this may be due to a strong class imbalance in the above cohort where only one out of 27 patients did not receive anti PD-1 ICI therapy (Table 1, Supplementary Table 1).

Thus, the Oncobox signature generated here could effectively serve as the biomarker of clinical response to PD(L)1 ICI immunotherapeutics in NSCLC. We then attempted to validate this signature on an independent clinically annotated lung cancer gene expression dataset.





Validation of Oncobox signature

To validate the diagnostic signature generated, we, first, utilized the publicly available clinically annotated dataset GSE207422 published by Hu and coauthors (62), including RNA sequencing profiles obtained from lung cancer patients who had undergone PD-1 ICI immunotherapy. This independent validation dataset includes 39 samples, 24 of which were collected before the start of ICI immunotherapy and were included in our analysis. We extracted raw sequencing data and the bulk RNAseq FASTQ files were aligned to the hg38 reference genome using the STAR aligner (version 2.7.4a) and gene expression was quantified using Salmon (version 1.3.0) to calculate transcripts per million reads per kilobase (TPM) expression values for each gene.

Histologically, the selected dataset contained lung adenocarcinoma samples (n = 8) and squamous cell carcinomas (n = 12), along with other NSCLC histotypes. The initial assessment of response to treatment has categorized outcomes as either major pathological response (MPR) or non-MPR. For consistency, these were reclassified here as the treatment responders and non-responders, respectively (Figure 10). No PFS or overall survival data were available.




Figure 10 | Characteristics of biosamples of the GSE207422 cohort. Sample IDs are given on the left. Color markers indicate availability of the RNAseq profiles; tumor Histotypes established by pathologists; treatment with PD-1 ICI immunotherapeutics; availability of treatment response data (R means treatment responder and NR – non-responder).



We then tested Oncobox signature risk score on an independent dataset GSE207422. Association with PFS or overall survival was not possible, so we could only assess the response prediction capacity of the signature developed (Figure 11). For the whole GSE207422 NSCLC cohort, the Oncobox signature has demonstrated ROC AUC 0.76; for the lung adenocarcinoma cohort, AUC was 0.8. Finally, for the squamous cell carcinoma cohort, AUC 0.66 was registered.




Figure 11 | Assessment of biomarker potential of the Oncobox gene signature as the PD-1 ICI response biomarker in the literature GSE207422, GSE126044 and GSE135222 NSCLC cohort. (A) Heatmap outlining normalized values of signature components, signature risk score, and response statuses. (B–D) ROC AUC analysis of PD-1 immunotherapy response status assessed for the whole GSE207422 NSCLC cohort (B), and separately for the lung adenocarcinoma (C) and squamous cell lung carcinoma (D) sub-cohorts. “R” means treatment responder, “NR” – non-responder. (E) Box-and-whisker plot for signature values in a whole test dataset and in sub-datasets of lung adenocarcinoma and squamous cell carcinoma of GSE207422 dataset. p-values are presented for one-sided Mann-Whitney tests between responders (R) and non-responders (NR) in GSE207422 dataset. (F) ROC AUC analysis of PD-(L)1 immunotherapy response status assessed for the GSE126044 NSCLC cohort. (G) Progression-free survival analysis in the GSE135222 dataset. The Kaplan-Meier plots are given for the whole NSCLC.



To further validate the performance of our signature we included two additional NSCLC validation datasets: GSE126044 (63) and GSE135222 (64). GSE126044 dataset includes gene expression data for 16 samples obtained before anti-PD-1 therapy (5 treatment responders and 11 non-responders). The clinical data available was the RECIST response status of the patients enrolled. The raw counts were processed in the same way as for the experimental Oncobox dataset. The signature risk values calculated showed AUC of 0.87 for the Oncobox signature, thus confirming its strong predictive capacity (Figure 11F).

The dataset GSE135222 included gene expression profiles for samples obtained from 27 NSCLC patients before treatment with anti PD-1/PD-L1 ICI drugs, annotated with PFS times. We calculated signature risk values using transcript-per-million (TPM)-normalized gene expression data available and observed non-significant HR 0.68 with p-value = 0.38, although an overall trend was preserved (Figure 11G). We speculate that non-significant results in the latter case may be due to outstandingly small PFS times assigned to the second validation dataset with a median of only 2 months, whereas in the experimental cohort median PFS was three times longer, 6 months.

Thus, we conclude that the Oncobox signature could also distinguish between the PD-1 ICI treatment responders and non-responders in the literature datasets GSE207422 and GSE126044. In two literature and one experimental cohorts, the signature showed high AUC above 0.7 for the whole NSCLC cohort (0.87, 0.76 and 0.73, respectively) and for the adenocarcinoma cohort (0.8 and 0.82). At the same time, borderline values were obtained for the squamous cell carcinoma patients (0.66 and 0.69). However, in the GSE135222 dataset with available PFS records no statistically significant performance was demonstrated which may be connected with the peculiarly short PFS times in the latter cohort.






Discussion

ICI therapy in lung cancer treatment has gained leading positions along with the approved targeted, chemo-, and radiation therapy methods (65, 66). However, the currently used ICI response biomarkers remain contradictory (4). Thus, more international studies on diverse lung cancer cohorts are needed to identify reliable biomarkers that would be effective in different groups of patients. However, there is a significant gap in the availability of relevant molecular data deposited in the public domain. For example, for this study we were able to find only a modest amount of samples available from 3 datasets (62–64) totaling 67 patients overall, with PFS data available only for GSE126044.

Here we provide a collection of 61 new NSLC molecular profiles clinically annotated by both RECIST response status and by PFS times measured in a longitudinal prospective investigation in relation to a success of treatment by PD-1 and PD-L1 specific ICI therapeutics. The information was deposited to the GEO repository and is fully publicly accessible. All the samples were obtained before the start of PD-(L)1-specific ICI treatment.

Tumor biosamples profiled here were obtained prior to ICI treatment and profiled by whole exome and RNA sequencing. We screened 403 putative biomarkers, including TMB and number of cancer neoantigens, 131 specific HLA alleles, homozygous state of 11 HLA alleles and their superfamilies; four gene mutation biomarkers, expression of 45 immune checkpoint genes and closely related genes and 3 signatures; for the first time, activation levels of 188 molecular pathways containing immune checkpoint genes and activation levels of 19 pathways algorithmically generated using a human interactome model centered around immune checkpoint genes.

We evaluated the potential of biomarkers based on PFS and RECIST treatment response data. In our sample, 45 biomarkers were statistically significantly associated with PFS and 44 with response to treatment, of which eight were shared. Using five of these intersected biomarkers we generated a signature termed Oncobox that showed an AUC of 0.73 and HR of 0.27 (p=0.00034) on the entire experimental NSCLC cohort. This signature was also reliable (AUC 0.76 and 0.87 respectively) for the independent clinically annotated dataset GSE207422 and GSE126044. In both experimental and literature datasets with histotypes markdown available, the Oncobox signature worked better for lung adenocarcinoma than for squamous cell LC. Despite the solid success of response prediction, PFS prediction on the test dataset GSE126044 had reached only modest statistical parameters. However, this might be explained by possible technical differences in PFS reporting as we discussed above.

In our experimental cohorts, 54 patients were treated with PD1-specific and 7 patients with PD-L1-specific ICIs. The PD-1 specific therapeutics were pembrolizumab, nivolumab, and tislelizumab (Supplementary Table 1). The PD-L1 immunotherapeutic was avelumab (Supplementary Table 1). This set of therapeutics may seem heterogenous in their names, and this is one of the limitations of the current study. However, all of them have the same biological nature (monoclonal humanized therapeutic antibodies), similar molecular mechanism of action and the same FDA-approved molecular biomarkers. Furthermore, this limitation is on the other hand an advantage of the current study as it attempted to uniformly assess molecular biomarkers targeted against the whole PD-1 – PD-L1 signaling axis. Another possible limitation of our study is the inclusion of 12 metastatic samples in the statistical analysis. Theoretically, metastatic samples may preserve genetic features of original tumors; on the other hand, their biology and gene expression patterns can be dramatically different. Nevertheless, we showed here that the exclusion of metastatic samples did not negatively affect the signature performance.

Also, the treatment response status composition of our experimental cohort is unbalanced, especially in the case of Lung Adenocarcinoma subcohort, where among 20 patients only 3 were assigned as the responders, all of these tree samples being of metastatic origins. However, as we demonstrated here, our signature showed good predictive capacity also on the two independent validation datasets. Additional limitation of our study is in the unavailability of protocol data for PD-L1 immunohistochemical status assessment.

More generally, in this study we were limited by the list of pre-selected putative biomarkers and the experimental techniques used. Thus, some putative biomarkers may be missing in our analysis. However, the primary experimental data available here enable to the research community to further explore genetic and transcriptomic biomarkers of tumor ICI responsiveness.

In the future, repertoire of potential biomarkers integrated in one study could be expanded to the simultaneous analysis of tumor proteomic profiles, post-translational modifications, metabolome (67), and the T- and B-cellular composition and receptor repertoire (68).

We hope that the results obtained and the available clinically annotated molecular data will be useful to the research community, especially to those interested in the mechanisms of resistance to ICI therapeutics, and in cancer biomarker research.





Conclusion

We provide a collection of 61 new NSLC molecular profiles clinically annotated by both RECIST response status and by PFS times measured in a longitudinal prospective investigation in relation to a success of treatment by PD-1 and PD-L1 specific immunotherapeutics. The information is fully publicly accessible. Tumor biosamples were obtained prior to immunotherapy and profiled by whole exome and RNA sequencing. We totally screened 403 putative molecular biomarkers and evaluated their potential based on PFS and RECIST treatment response data. 45 biomarkers were statistically significantly associated with PFS and 44 with response to treatment, of which eight were shared. Using five of these intersected biomarkers we generated a signature termed Oncobox that showed an AUC of 0.73 and HR of 0.27 (p=0.00034) on the entire experimental cohort and AUCs 0.76 and 0.87 on independent literature NSCLC cohorts GSE207422 and GSE126044. For the independent dataset GSE126044 with PFS data available our signature preserved the desirable trend yet demonstrating insignificant predictive power. In both experimental and literature datasets, the Oncobox signature worked better for lung adenocarcinoma than for squamous cell LC.





Data availability statement

The RNA sequencing data are freely accessible through the GEO repository with ID GSE274975. The rest of the relevant data is contained within the article and the supplementary materials.





Ethics statement

The studies involving humans were approved by ethical committee of Vitamed Clinic, Moscow, protocol date 16.10.17. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

EP: Formal analysis, Funding acquisition, Investigation, Visualization, Writing – original draft, Project administration. MSu: Data curation, Methodology, Resources, Writing – review & editing. ML: Conceptualization, Data curation, Resources, Writing – review & editing, Project administration. DL: Data curation, Formal analysis, Investigation, Visualization, Writing – original draft, Writing – review & editing. AGu: Data curation, Formal analysis, Investigation, Visualization, Writing – original draft. VL: Data curation, Resources, Writing – review & editing. AGa: Data curation, Project administration, Resources, Writing – review & editing. MSo: Data curation, Methodology, Resources, Software, Writing – review & editing. ASe: Data curation, Resources, Writing – review & editing. VS: Data curation, Resources, Writing – review & editing. MB: Data curation, Resources, Writing – review & editing. ASi: Software, Writing – review & editing. AM: Data curation, Resources, Writing – review & editing. AB: Conceptualization, Formal analysis, Funding acquisition, Investigation, Project administration, Supervision, Visualization, Writing – original draft, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. Construction of gene-centric molecular pathways was carried out with the financial support of a project "Digital technologies for quantitative medicine solutions" FSMG-2021-0006 (Agreement No. 075-03-2024-117 of January 17, 2024). Differential analysis of whole exome sequencing biomarkers, of molecular pathways and gene expression data and their association with lung cancer patients clinical outcomes were supported by the Russian Science Foundation grant 22-14-00074.





Conflict of interest

Authors AG and MS were employed by the company Oncobox Ltd.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2024.1493877/full#supplementary-material





Abbreviations

LC, lung cancer; ICIs, immune checkpoint inhibitors; TMB, tumor mutation burden; NSCLC, non-small cell lung cancer; MSI, microsatellite instability; dMMR, defective mismatch repair; FFPE, formalin-fixed, paraffin-embedded; CR, Complete Response; PR, Partial Response; SD, Stable Disease; PD, Progressive Disease; WES, Whole exome DNA sequencing; RNAseq, RNA sequencing; PALs, pathway activation levels; case-to-normal ratio; beyond tolerance interval flag; activator/repressor role of gene n in pathway p; TIDE, Tumor Immune Dysfunction and Exclusion; GEP, T cell-inflamed gene expression profile; PCA, Principal component analysis.




References

1. Vaddepally, RK, Kharel, P, Pandey, R, Garje, R, and Chandra, AB. Review of indications of FDA-approved immune checkpoint inhibitors per NCCN guidelines with the level of evidence. Cancers. (2020) 12:738. doi: 10.3390/cancers12030738

2. Davis, AA, and Patel, VG. The role of PD-L1 expression as a predictive biomarker: an analysis of all US Food and Drug Administration (FDA) approvals of immune checkpoint inhibitors. J immunotherapy Cancer. (2019) 7:278. doi: 10.1186/s40425-019-0768-9

3. Gascón, M, Isla, D, Cruellas, M, Gálvez, EM, Lastra, R, Ocáriz, M, et al. Intratumoral versus circulating lymphoid cells as predictive biomarkers in lung cancer patients treated with immune checkpoint inhibitors: is the easiest path the best one? Cells. (2020) 9:1525. doi: 10.3390/cells9061525

4. Wang, Y, Tong, Z, Zhang, W, Zhang, W, Buzdin, A, Mu, X, et al. FDA-approved and emerging next generation predictive biomarkers for immune checkpoint inhibitors in cancer patients. Front Oncol. (2021) 11:683419. doi: 10.3389/fonc.2021.683419

5. Hennequart, M, Pilotte, L, Cane, S, Hoffmann, D, Stroobant, V, Plaen, ED, et al. Constitutive IDO1 expression in human tumors is driven by cyclooxygenase-2 and mediates intrinsic immune resistance. Cancer Immunol Res. (2017) 5:695–709. doi: 10.1158/2326-6066.CIR-16-0400

6. Shin, DS, Zaretsky, JM, Escuin-Ordinas, H, Garcia-Diaz, A, Hu-Lieskovan, S, Kalbasi, A, et al. Primary resistance to PD-1 blockade mediated by JAK1/2 mutations. Cancer Discovery. (2017) 7:188–201. doi: 10.1158/2159-8290.CD-16-1223

7. Lim, SY, Lee, JH, Gide, TN, Menzies, AM, Guminski, A, Carlino, MS, et al. Circulating cytokines predict immune-related toxicity in melanoma patients receiving anti-PD-1–based immunotherapy. Clin Cancer Res. (2019) 25:1557–63. doi: 10.1158/1078-0432.CCR-18-2795

8. Patel, SP, and Kurzrock, R. PD-L1 expression as a predictive biomarker in cancer immunotherapy. Mol Cancer Ther. (2015) 14:847–56. doi: 10.1158/1535-7163.MCT-14-0983

9. Keenan, TE, Burke, KP, and Van Allen, EM. Genomic correlates of response to immune checkpoint blockade. Nat Med. (2019) 25:389–402. doi: 10.1038/s41591-019-0382-x

10. Mansfield, AS, Aubry, MC, Moser, JC, Harrington, SM, Dronca, RS, Park, SS, et al. Temporal and spatial discordance of programmed cell death-ligand 1 expression and lymphocyte tumor infiltration between paired primary lesions and brain metastases in lung cancer. Ann Oncol. (2016) 27:1953–8. doi: 10.1093/annonc/mdw289

11. Zhang, J, Dang, F, Ren, J, and Wei, W. Biochemical aspects of PD-L1 regulation in cancer immunotherapy. Trends Biochem Sci. (2018) 43:1014–32. doi: 10.1016/j.tibs.2018.09.004

12. Marcus, L, Lemery, SJ, Keegan, P, and Pazdur, R. FDA approval summary: pembrolizumab for the treatment of microsatellite instability-high solid tumors. Clin Cancer Res. (2019) 25:3753–8. doi: 10.1158/1078-0432.CCR-18-4070

13. Le, DT, Uram, JN, Wang, H, Bartlett, BR, Kemberling, H, Eyring, AD, et al. PD-1 blockade in tumors with mismatch-repair deficiency. N Engl J Med. (2015) 372:2509–20. doi: 10.1056/NEJMoa1500596

14. Sorokin, M, Rabushko, E, Efimov, V, Poddubskaya, E, Sekacheva, M, Simonov, A, et al. Experimental and meta-analytic validation of RNA sequencing signatures for predicting status of microsatellite instability. Front Mol Biosci. (2021) 8:737821. doi: 10.3389/fmolb.2021.737821

15. Australian Pancreatic Cancer Genome Initiative, ICGC Breast Cancer Consortium, ICGC MMML-Seq Consortium, ICGC PedBrain, Alexandrov, LB, Nik-Zainal, S, et al. Signatures of mutational processes in human cancer. Nature. (2013) 500:415–21. doi: 10.1038/nature12477

16. Klempner, SJ, Fabrizio, D, Bane, S, Reinhart, M, Peoples, T, Ali, SM, et al. Tumor mutational burden as a predictive biomarker for response to immune checkpoint inhibitors: A review of current evidence. Oncologist. (2020) 25:e147–59. doi: 10.1634/theoncologist.2019-0244

17. Essogmo, FE, Zhilenkova, AV, Tchawe, YSN, Owoicho, AM, Rusanov, AS, Boroda, A, et al. Cytokine profile in lung cancer patients: anti-tumor and oncogenic cytokines. Cancers (Basel). (2023) 15:5383. doi: 10.3390/cancers15225383

18. Lim, JU, and Yoon, HK. Potential predictive value of change in inflammatory cytokines levels subsequent to initiation of immune checkpoint inhibitor in patients with advanced non-small cell lung cancer. Cytokine. (2021) 138:155363. doi: 10.1016/j.cyto.2020.155363

19. Qiu, M-Z, Oh, D-Y, Kato, K, Arkenau, T, Tabernero, J, Correa, MC, et al. Tislelizumab plus chemotherapy versus placebo plus chemotherapy as first line treatment for advanced gastric or gastro-oesophageal junction adenocarcinoma: RATIONALE-305 randomised, double blind, phase 3 trial. BMJ. (2024) 385:e078876. doi: 10.1136/bmj-2023-078876

20. Lu, S, Wang, J, Cheng, Y, Mok, T, Chang, J, Zhang, L, et al. Nivolumab versus docetaxel in a predominantly Chinese patient population with previously treated advanced non-small cell lung cancer: 2-year follow-up from a randomized, open-label, phase 3 study (CheckMate 078). Lung Cancer. (2021) 152:7–14. doi: 10.1016/j.lungcan.2020.11.013

21. Ready, NE, Audigier-Valette, C, Goldman, JW, Felip, E, Ciuleanu, T-E, Rosario García Campelo, M, et al. First-line nivolumab plus ipilimumab for metastatic non-small cell lung cancer, including patients with ECOG performance status 2 and other special populations: CheckMate 817. J Immunother Cancer. (2023) 11:e006127. doi: 10.1136/jitc-2022-006127

22. Suntsova, M, Gaifullin, N, Allina, D, Reshetun, A, Li, X, Mendeleeva, L, et al. Atlas of RNA sequencing profiles for normal human tissues. Sci Data. (2019) 6:36. doi: 10.1038/s41597-019-0043-4

23. Sorokin, M, Ignatev, K, Poddubskaya, E, Vladimirova, U, Gaifullin, N, Lantsov, D, et al. RNA sequencing in comparison to immunohistochemistry for measuring cancer biomarkers in breast cancer and lung cancer specimens. Biomedicines. (2020) 8:114. doi: 10.3390/biomedicines8050114

24. Dobin, A, Davis, CA, Schlesinger, F, Drenkow, J, Zaleski, C, Jha, S, et al. STAR: ultrafast universal RNA-seq aligner. Bioinformatics. (2013) 29:15–21. doi: 10.1093/bioinformatics/bts635

25. Love, MI, Huber, W, and Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol. (2014) 15:550. doi: 10.1186/s13059-014-0550-8

26. Moisseev, A, Albert, E, Lubarsky, D, Schroeder, D, and Clark, J. Transcriptomic and genomic testing to guide individualized treatment in chemoresistant gastric cancer case. Biomedicines. (2020) 8:67. doi: 10.3390/biomedicines8030067

27. Li, H, and Durbin, R. Fast and accurate long-read alignment with Burrows-Wheeler transform. Bioinformatics. (2010) 26:589–95. doi: 10.1093/bioinformatics/btp698

28. Cibulskis, K, Lawrence, MS, Carter, SL, Sivachenko, A, Jaffe, D, Sougnez, C, et al. Sensitive detection of somatic point mutations in impure and heterogeneous cancer samples. Nat Biotechnol. (2013) 31:213–9. doi: 10.1038/nbt.2514

29. Zolotovskaia, M, Tkachev, V, Sorokin, M, Garazha, A, Kim, E, Kantelhardt, SR, et al. Algorithmically deduced FREM2 molecular pathway is a potent grade and survival biomarker of human gliomas. Cancers (Basel). (2021) 13:4117. doi: 10.3390/cancers13164117

30. Zolotovskaia, MA, Tkachev, VS, Guryanova, AA, Simonov, AM, Raevskiy, MM, Efimov, VV, et al. OncoboxPD: human 51 672 molecular pathways database with tools for activity calculating and visualization. Comput Struct Biotechnol J. (2022) 20:2280–91. doi: 10.1016/j.csbj.2022.05.006

31. Borisov, N, Sorokin, M, Garazha, A, and Buzdin, A. Quantitation of molecular pathway activation using RNA sequencing data. Methods Mol Biol. (2020) 2063:189–206. doi: 10.1007/978-1-0716-0138-9_15

32. Xie, C, Yeo, ZX, Wong, M, Piper, J, Long, T, Kirkness, EF, et al. Fast and accurate HLA typing from short-read next-generation sequence data with xHLA. Proc Natl Acad Sci USA. (2017) 114:8059–64. doi: 10.1073/pnas.1707945114

33. Sidney, J, Peters, B, Frahm, N, Brander, C, and Sette, A. HLA class I supertypes: a revised and updated classification. BMC Immunol. (2008) 9:1. doi: 10.1186/1471-2172-9-1

34. Robin, X, Turck, N, Hainard, A, Tiberti, N, Lisacek, F, Sanchez, J-C, et al. pROC: an open-source package for R and S+ to analyze and compare ROC curves. BMC Bioinf. (2011) 12:77. doi: 10.1186/1471-2105-12-77

35. Borgan, Ø Modeling survival data: extending the cox model. Stat Med. (2000) 20:2053–4:350. doi: 10.1002/sim.956

36. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat Med. (2018) 24:1550–8. doi: 10.1038/s41591-018-0136-1

37. Fu, J, Li, K, Zhang, W, Wan, C, Zhang, J, Jiang, P, et al. Large-scale public data reuse to model immunotherapy response and resistance. Genome Med. (2020) 12:21. doi: 10.1186/s13073-020-0721-z

38. Ayers, M, Lunceford, J, Nebozhyn, M, Murphy, E, Loboda, A, Kaufman, DR, et al. IFN-γ-related mRNA profile predicts clinical response to PD-1 blockade. J Clin Invest. (2017) 127:2930–40. doi: 10.1172/JCI91190

39. Cristescu, R, Mogg, R, Ayers, M, Albright, A, Murphy, E, Yearley, J, et al. Pan-tumor genomic biomarkers for PD-1 checkpoint blockade-based immunotherapy. Science. (2018) 362:eaar3593. doi: 10.1126/science.aar3593

40. Chowell, D, Morris, LGT, Grigg, CM, Weber, JK, Samstein, RM, Makarov, V, et al. Patient HLA class I genotype influences cancer response to checkpoint blockade immunotherapy. Science. (2018) 359:582–7. doi: 10.1126/science.aao4572

41. Sorokin, M, Poddubskaya, E, Baranova, M, Glusker, A, Kogoniya, L, Markarova, E, et al. RNA sequencing profiles and diagnostic signatures linked with response to ramucirumab in gastric cancer. Cold Spring Harb Mol Case Stud. (2020) 6:a004945. doi: 10.1101/mcs.a004945

42. Buzdin, A, Sorokin, M, Garazha, A, Sekacheva, M, Kim, E, Zhukov, N, et al. Molecular pathway activation - New type of biomarkers for tumor morphology and personalized selection of target drugs. Semin Cancer Biol. (2018) 53:110–24. doi: 10.1016/j.semcancer.2018.06.003

43. Sorokin, M, Zolotovskaia, M, Nikitin, D, Suntsova, M, Poddubskaya, E, Glusker, A, et al. Personalized targeted therapy prescription in colorectal cancer using algorithmic analysis of RNA sequencing data. BMC Cancer. (2022) 22:1113. doi: 10.1186/s12885-022-10177-3

44. Zhu, Q, Izumchenko, E, Aliper, AM, Makarev, E, Paz, K, Buzdin, AA, et al. Pathway activation strength is a novel independent prognostic biomarker for cetuximab sensitivity in colorectal cancer patients. Hum Genome Var. (2015) 2:15009. doi: 10.1038/hgv.2015.9

45. Gudkov, A, Shirokorad, V, Kashintsev, K, Sokov, D, Nikitin, D, Anisenko, A, et al. Gene expression-based signature can predict sorafenib response in kidney cancer. Front Mol Biosci. (2022) 9:753318. doi: 10.3389/fmolb.2022.753318

46. Artemov, A, Aliper, A, Korzinkin, M, Lezhnina, K, Jellen, L, Zhukov, N, et al. A method for predicting target drug efficiency in cancer based on the analysis of signaling pathway activation. Oncotarget. (2015) 6:29347–56. doi: 10.18632/oncotarget.5119

47. Luke, J, Dadey, R, Augustin, R, Newman, S, Singh, K, Doerfler, R, et al. Tumor cell p38 inhibition to overcome immunotherapy resistance. (2023). doi: 10.21203/rs.3.rs-3183496/v1

48. Zolotovskaia, M, Kovalenko, M, Pugacheva, P, Tkachev, V, Simonov, A, Sorokin, M, et al. Algorithmically reconstructed molecular pathways as the new generation of prognostic molecular biomarkers in human solid cancers. Proteomes. (2023) 11:26. doi: 10.3390/proteomes11030026

49. Zolotovskaia, MA, Kovalenko, MA, Tkachev, VS, Simonov, AM, Sorokin, MI, Kim, E, et al. Next-generation grade and survival expression biomarkers of human gliomas based on algorithmically reconstructed molecular pathways. IJMS. (2022) 23:7330. doi: 10.3390/ijms23137330

50. Essogmo, FE, Zhilenkova, AV, Tchawe, YSN, Owoicho, AM, Rusanov, AS, Boroda, A, et al. Cytokine profile in lung cancer patients: anti-tumor and oncogenic cytokines. Cancers (Basel). (2023) 15:5383. doi: 10.3390/cancers15225383

51. Wang, Y, Weng, W, Liang, R, Zhou, Q, Hu, H, Li, M, et al. Predicting T cell-inflamed gene expression profile in hepatocellular carcinoma based on dynamic contrast-enhanced ultrasound radiomics. JHC. (2023) 10:2291–303. doi: 10.2147/JHC.S437415

52. Gujral, J, Kidd, BA, Becker, C, Golden, E, Lee, H, Kim-Schulze, S, et al. Acute effects of growth hormone on the cellular immunologic landscape in pediatric patients. Cureus. (2024) 16(4):e57383. doi: 10.7759/cureus.57383

53. Zhang, S, Wang, G, Lyu, Y, Tian, H, Shu, C, Chen, B, et al. Human growth hormone supplement promotes human lymphohematopoietic cell reconstitution in immunodeficient mice. Immunotherapy. (2022) 14:1383–92. doi: 10.2217/imt-2021-0278

54. Mohamed, YI, Duda, DG, Awiwi, MO, Lee, SS, Altameemi, L, Xiao, L, et al. Plasma growth hormone is a potential biomarker of response to atezolizumab and bevacizumab in advanced hepatocellular carcinoma patients. Oncotarget. (2022) 13:1314–21. doi: 10.18632/oncotarget.28322

55. Zhao, Y, Ji, Z, Li, J, Zhang, S, Wu, C, Zhang, R, et al. Growth hormone associated with treatment efficacy of immune checkpoint inhibitors in gastric cancer patients. Front Oncol. (2022) 12:917313. doi: 10.3389/fonc.2022.917313

56. Du, X. Role of vascular endothelial growth factor D in lung adenocarcinoma immunotherapy response. Am J Transl Res. (2024) 16:2263–77. doi: 10.62347/OXRO7113

57. Wang, Z, Wang, K, Yu, X, Chen, M, and Du, Y. Comprehensive analysis of expression signature and immune microenvironment signature of biomarker Endothelin Receptor Type A in stomach adenocarcinoma. J Cancer. (2022) 13:2086–104. doi: 10.7150/jca.68673

58. Duarte Mendes, A, Freitas, AR, Vicente, R, Ferreira, R, Martins, T, Ramos, MJ, et al. Beta-adrenergic blockade in advanced non-small cell lung cancer patients receiving immunotherapy: A multicentric study. Cureus. (2024) 16(1), e52194. doi: 10.7759/cureus.52194

59. Gascón-Ruiz, M, Ramírez-Labrada, A, Lastra, R, Martínez-Lostao, L, Paño-Pardo, JR, Sesma, A, et al. A subset of PD-1-expressing CD56bright NK cells identifies patients with good response to immune checkpoint inhibitors in lung cancer. Cancers. (2023) 15:329. doi: 10.3390/cancers15020329

60. Chinchilla-Tábora, LM, Montero, JC, Corchete, LA, González-Morais, I, Del Barco Morillo, E, Olivares-Hernández, A, et al. Differentially expressed genes involved in primary resistance to immunotherapy in patients with advanced-stage pulmonary cancer. IJMS. (2024) 25:2048. doi: 10.3390/ijms25042048

61. Pasello, G, Fabricio, ASC, Del Bianco, P, Salizzato, V, Favaretto, A, Piccin, L, et al. Sex-related differences in serum biomarker levels predict the activity and efficacy of immune checkpoint inhibitors in advanced melanoma and non-small cell lung cancer patients. J Transl Med. (2024) 22:242. doi: 10.1186/s12967-024-04920-6

62. Hu, J, Zhang, L, Xia, H, Yan, Y, Zhu, X, Sun, F, et al. Tumor microenvironment remodeling after neoadjuvant immunotherapy in non-small cell lung cancer revealed by single-cell RNA sequencing. Genome Med. (2023) 15:14. doi: 10.1186/s13073-023-01164-9

63. Cho, J-W, Hong, MH, Ha, S-J, Kim, Y-J, Cho, BC, Lee, I, et al. Genome-wide identification of differentially methylated promoters and enhancers associated with response to anti-PD-1 therapy in non-small cell lung cancer. Exp Mol Med. (2020) 52:1550–63. doi: 10.1038/s12276-020-00493-8

64. Jung, H, Kim, HS, Kim, JY, Sun, J-M, Ahn, JS, Ahn, M-J, et al. DNA methylation loss promotes immune evasion of tumours with high mutation and copy number load. Nat Commun. (2019) 10:4278. doi: 10.1038/s41467-019-12159-9

65. Danbala, I, Fu, S, Sheng, W, Tang, H, Magashi, M, and Wang, X. Immune checkpoint inhibitors with or without radiotherapy in metastatic non−small cell lung cancer: A meta−analysis and literature review. Oncol Lett. (2024) 28:489. doi: 10.3892/ol.2024.14622

66. Koban, MU, Hartmann, M, Amexis, G, Franco, P, Huggins, L, Shah, I, et al. Targeted therapies, novel antibodies, and immunotherapies in advanced non-small cell lung cancer: clinical evidence and drug approval patterns. Clin Cancer Res. (2024) 30(21):4822–33. doi: 10.1158/1078-0432.CCR-24-0741

67. Zhai, Y, and Zhu, P. Post-translationally modified neoantigens: Promising targets for diagnostic strategy of autoimmune diseases. Clin Trans Med. (2023) 13:e1373. doi: 10.1002/ctm2.1373

68. Valpione, S, Mundra, PA, Galvani, E, Campana, LG, Lorigan, P, De Rosa, F, et al. The T cell receptor repertoire of tumor infiltrating T cells is predictive and prognostic for cancer survival. Nat Commun. (2021) 12:4098. doi: 10.1038/s41467-021-24343-x




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2024 Poddubskaya, Suntsova, Lyadova, Luppov, Guryanova, Lyadov, Garazha, Sorokin, Semenova, Shatalov, Biakhova, Simonov, Moisseev and Buzdin. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-15-1493877-g009.jpg
Samples

Markers Signature N S C LC (TOtal )

Markers' values,
—_— T o e C  HR=027 CI=[0.13:0.56]

min-max scaled
ROC Curve (response) Strata = signature_status=high = signature_status=low

i :
= 1.00
(o] >
& = 0.75
Q
2 © 8
-E o g_ 0.50
Response, % g g 0.25
RECIST n g
N @ 0.00 ' '
= AUC: 0.73 (15 R/42 NR) 0 10 20 30 40 50
o Time, months
e Number at risk
£ signat tatus=high |
1.0 08 06 04 02 0.0 %S;?;r?agfgj;a;’jszlgwgg & o g 9 9
0 10

20 30 40 50

Specificity Time, months

Lung Adenocarcinoma

ifici 0 10 20 30 40 50
Specificity Time, months

= D E HR = 0.29; CI=[0.085:0.98]
ROC Curve (response) ; : .
i ° i Strata = signature_status=high =~ signature_status=Ilow
- 1.00
o Z
Q z > > o £ 0.75
Q < £ £ 2 © 3
o 9 o o == o 0.501 ===-xe= Fommmna-
Z o, o, s © s
> =
£ £ c < _g ;
s 3 B S : 035 5 - 0.04
] %) [92] '
L £ P e 0.00 - ,
g £ AUC:0.82 (3R/17 NR) 0 10 20 30 0 50
g 3 o Time, months
3 Lﬁ, © Number at risk
I = £ signature_status=high
5 B 10 08 06 04 02 00 Fogwesmenoniip 3§ 0 0 0
g
g
S
%]
o
(o)

Lung Squamous Cell Carcinoma

G HR = 0.31; CI=[0.11:0.86]

Strata + signature_status=high -+ signature_status=Ilow

T

ROC Curve (response)

KEGG_Adrener

I S
-~ 1.00
[e] >
o £ 0.75
8
£3 8 050
5 ° 2 -
[ g
0 S 2 0.25
o >
’ 3
- 0.00 : i
AUC: 0.69 (8 R/19 NR) ) 10 20 0
o / Time, months
= Number at risk
© . 2
+= signature_status=high
1.0 08 06 04 02 00 s GEiEEEns 1§ g g 9
Specificity 0 10 20 30

Time, months

Growth_Hormone_Signaling_Pathway Gene_Expression_via_SRF_ELK1_STAT5B_CEBPD_STAT1_STAT3

Signature values distribution

Response

+ p=0.066, HE NR
mm R

Signature values

NSCLC (Total) Lung Adenocarcinoma Lung Squamous Cell Carcinoma

Histotype





OEBPS/Images/fimmu-15-1493877-g010.jpg
[ [ RNA_RNAseq

sequencing clinical
data info therapy assessment

T [a——| — 3 L —
R20030544LR01  —— S — — i
RO0031503LR0] ] [ Lung Adenocarcinoma
R20041445LR01  E— _— —_—
R20052336LR01  — — ’
R20073124LR01 I ———] — . Lung Squamous Cell Carcinoma
R20073125LR01 e =
R20073128LR02 S — —_— _
R21008707LR01 ~ M— = —— other NSCLC
R21025078LR01  — _— = —
R20027161LR01  — — —— =
R20028573LR01  Em— —— e —_—
R20035974LR01 e ——— —
R20052328LR01  M— — B [
R20059498LR01 — — e Anti-PD-1
R20059499LR01 I —_— 1 == g
R20059506LR01 ~ Em— _ — —
R20059511LR01  M— — e
R20073704LR03 M [E— — ———
R20073708LR0T M e —_— B
R20073752LR01 E— [
R21008693LR01 M fra——| — =
R21008694LR01  mm— — E— — R
R21017092LR01 [ = C—
R21017102LR01  I— == — =

N
& ) &
8 QO & NR
q};vf’bg o & e a
L & €





OEBPS/Images/fimmu.2024.1493877_cover.jpg
’ frontiers | Frontiersin Immunology

Biomarkers of success of anti-PD-(L)1
immunotherapy for non-small cell
lung cancer derived from RNA- and
whole-exome sequencing: results
of a prospective observational
study on a cohort of 85 patients





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Biomarkers of success of anti-PD-(L)1 immunotherapy for non-small cell lung cancer derived from RNA- and whole-exome sequencing: results of a prospective observational study on a cohort of 85 patients

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Patient biosamples

          



          		

            RNA sequencing

          



          		

            Processing of RNA sequencing data

          



          		

            Whole exome DNA sequencing

          



          		

            Processing of WES data

          



          		

            Construction of gene-centric molecular pathways

          



          		

            Pathway activation analysis

          



          		

            HLA calling

          



          		

            Statistical biomarker analysis

          



          		

            Assessment of diagnostic signatures

          



          		

            Principal component analysis

          



        



        



        		

          Results

        

          		

            Clinical cohort and biosamples

          



          		

            Assessment of putative molecular biomarkers

          



          		

            Generation of diagnostic signature of NSCLC response to ICI treatment

          



          		

            Validation of Oncobox signature

          



        



        



        		

          Discussion

        



        		

          Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-15-1493877-g001.jpg
sequencin clinical
qdata 9 info therapy assessment

——

>

\
\

=
)

Q
o
SR
prtiiid ‘

— E— [ [ RNA_RNAseq [ ona_wes
LESE’E§== _— = —
EEEE§§== =— = = . Lung Adenocarcinoma
LE§C16§=—— =— E— =— . Lung Squamous Cell Carcinoma . Metastasis
= ] I I 4
I ] — —=
— — — | — =
| ] E— A 4
e — ——
——— . — e
————— ——| ——F——
== —_— . ———
S == = —
— =— — — [ Anti-PDA [ Anti-cTiAg
*1o7== = =— == . Anti-PD-L1
08 I S = o} I P e
él’él’—_ I — el
LGCT;—— I e —— E— eeee—
e E— I )
I — DN —_— . PFS data available - CR
—— L em e PR
) =1 S e——
—— I e . 1 1
e —— —— — | — [ so
e— — 00 e [ po
Q\\vf 0\‘3"@ _ 9\0‘}& o\fgv\#\(’ \89\:\ (j\\y? 6)(:“@\ 6410 4
Q-‘;Y'/ QXQ?I A 0«3} QQ' €
&7 -o@”é/
B Immunotherapy cohort with normal samples. TPM values
150000
100000
50000
X
o
m
~
O
Q. 0
-50000
Normal samples
Adenocarcinoma
—-100000 Squamous cell carcinoma
Other NSCLC
—150000 —-100000 -50000 0 50000 100000 150000 200000 250000

PC1, 53%





OEBPS/Images/fimmu-15-1493877-g007.jpg
NSCLC (Total) Lung Adenocarcinoma Lung Squamous Cell Carcinoma

A HR = 0.33; Cl=[0.18:0.62] B HR = 0.12; Cl=[0.03:0.42] C HR = 0.56; Cl=[0.22:1.49]
Strata - NCAM1_status=high =~ NCAM1_status=low Strata = NCAM1_status=high - NCAM1_status=low Strata = NCAM1_status=high - NCAM1_status=Ilow
1.00 1.00/ 1.00
E 0.75 E‘ 0.751 E‘ 0.75
o) o e}
© © ©
o) 0.50 o 0.50{ ---L o 0.50{ =---=-"7q---xnmmmnmn-
o o | o
i~ 0.251 — 0.251 o 0.251 ;
2 S g p= O§.25
% gooy | - b % 000f ¢+ b o+ % 0.001 e - 5
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 30
»n Time, months » Time, months w Time, months
Number at risk Number at risk Number at risk
£ NCAM1 =high £ NCAM1 =high £ NCAM1 =high
5 NGAMT statiuseion % 156 8 1 6 6 \ = NCAMT_Sé?;LtJSngw.%G ? 8 6 6 6 = NCCAMT_SQ?Q?Ssang(} ﬁ 3 ?
0 10 _ 20 30 40 50 0 10 20 30 40 50 0 10 20 30
Time, months Time, months Time, months
D ROC Curve (response) E ROC Curve (response) F ROC Curve (response)
2 o o
2 ° i g ©
= 8 =
g o S
0 S w 0 I A
- C:0.64 (15 R/42 NR) AUC: 0.76 (3 R/17 NR) ° AUC: 0.64 (8 R/19 NR)
=a =

1.0 0.8 0.6 0.4 0.2 0.0 1.0 0.8 0.6 0.4 0.2 0.0 1.0 08 0.6 0.4 02 0.0

Specificity Specificity Specificity





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-15-1493877-g005.jpg
NSCLC (Total)

Survival probability

Strata

HR = 1.2; CI=[0.6:2.4]

Lung Adenocarcinoma
HR = 0.3; Cl=[0.084:1.1]

Strata =~ TMB_status=high - TMB_status=Ilow

1.001
>
0.751 { 2
Ke]
e
0.50+ | &
| ®
=
0.251 5
3
)
0.00+ "
0 10 20 30 40 50
Time, months
Number at risk
TMB_status=high 5
TMB_ status= Iow %6 8 é 1 9 %
10 20 30 40 50

Time, months

Strata -~ TMB_status=high -~ TMB_status=Ilow

1.00

0.75

0.50

0.25

0.00

TMB_status=hig
TMB_status= Iow

0 10 20 30
Time, months

Number at risk

40

50

5 S T |

!

10 20 30
Time, months

40

Lung Squamous Cell Carcinoma

HR = 2.3; CI=[0.71:7.4]
Strata = TMB_status=high - TMB_status=low

1.00
2
ol 0.75
©
Ko}
[
I3 0.50
©
=
Z 0.25
>
%]

0.00 ' '

0 10 20 30
Time, months

Number at risk

©

= MB status hig

% B_status= lowi 192 8 6 6
10 20 30
Time, months






OEBPS/Images/table2.jpg
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NCAMI gene expression 0.33 0.0008 0.64 0.1
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Adrenergic signaling in cardiomyocytes pathway, PAL 0.38 0.0036 069 0.03
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Lung adenocarcinoma cohort
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CEBPD, STATI, STAT3), PAL

Adrenergic signaling in cardiomyocytes pathway, PAL 0.82 0.72 0.61 062
Endothelins pathway, PAL 0.33 0.044 0.53 0.92
Interleukin 10 pathway, PAL 0.37 021 0.65 0.48

Squamous cell lung carcinoma cohort

CD3G gene expression 0.33 0.026 0.57 0.58
NCAMI gene expression 0.57 0.25 0.64 0.26
CTLA4 gene expression 045 0.091 0.52 09
Growth hormone signaling pathway, PAL 0.34 0.06 0.72 0.08
Growth hormone signaling pathway (gene expression via SRF, ELK1, STAT5B, 0.43 0.08 07 0.11
CEBPD, STATI, STAT3), PAL

Adrenergic signaling in cardiomyocytes pathway, PAL 0.19 0.038 0.82 0.01
Endothelins pathway, PAL 048 0.13 0.87 <0.01
Interleukin 10 pathway, PAL 0.33 0.039 0.63 031

*Significant values are marked with bold font.
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Lung Lung Squamous

Total NSCLC Adenocarcinoma Cell Carcinoma Other histotypes
# of patients 61 24 27 10
# of female patients 20 13 2 5
# of male patients 41 11 25 17
Patients age range 41-79 41-77 4579 50-74
# of responders 15 3 8 4
# of metastatic samples 12 8 1 3
# of patients with anti-PD-1 therapy 54 23 26 5
# of patients with anti-PD-L1 therapy 7 1 1 5
# of patients with anti-CTLA4 therapy 11 4 6 1
Median PFS time, months 6 8.5 6 4

# of events 41 16 20 5
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CD3G gene
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NCAM1 gene
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