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Tumor-infiltrating immune cells are important components in the tumor microenvironment (TME) and different types of these cells exert different effects on tumor development and progression; these effects depend upon the type of cancer involved. Several methods have been developed for estimating the proportion of immune cells using bulk transcriptome data. However, there is a distinct lack of methods that are capable of predicting the immune contexture in specific types of cancer. Furthermore, the existing methods are based on absolute gene expression and are susceptible to experimental batch effects, thus resulting in incomparability across different datasets. In this study, we considered two common neoplasms as examples (colorectal cancer [CRC] and melanoma) and introduced the Tumor-infiltrating Immune Cell Proportion Estimator (TICPE), a cancer-specific qualitative method for estimating the proportion of tumor-infiltrating immune cells. The TICPE was based on the relative expression orderings (REOs) of gene pairs within a sample and is notably insensitive to batch effects. Performance evaluation using public expression data with mRNA mixtures, single-cell RNA-Seq (scRNA-Seq) data, immunohistochemistry data, and simulated bulk RNA-seq samples, indicated that the TICPE can estimate the proportion of immune cells with levels of accuracy that are clearly superior to other methods. Furthermore, we showed that the TICPE could effectively detect prognostic signals in patients with tumors and changes in the fractions of immune cells during immunotherapy in melanoma. In conclusion, our work presented a unique novel method, TICPE, to estimate the proportion of immune cells in specific cancer types and explore the effect of the infiltration of immune cells on the efficacy of immunotherapy and the prognosis of cancer. The source code for TICPE is available at https://github.com/huitingxiao/TICPE.
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Introduction

Immune cells are critical components in the complex tumor environment (TME). Tumor-infiltrating immune cells (TIICs) can have either tumor-promoting or tumor-suppressive effects on tumor development and progression, depending on the specific type of cancer involved (1). The types and densities of TIICs not only have predictive value in patient survival, they also affect tumor responses to therapy, particularly immunotherapy (2, 3). For instance, an increase in CD8+ T cells is generally associated with improved clinical outcomes, whereas regulatory T cells (Tregs) and tumor-associated macrophages (TAMs) are often associated with a poor prognosis (4, 5). In addition, immune checkpoint blockade (ICB) antibodies reinvigorate anti-tumor immunotherapy responses by disrupting co-inhibitory T-cell signaling, a pathway that has demonstrated clinical activity in several malignancies (6). Evidence has shown that CD4+ and CD8+ memory T cell subsets, as well as NK cell subsets, correlated with a clinical response to immunotherapy in patients with melanoma (7, 8). As such, an assessment of TIICs is of critical importance in biomedical research as well as clinical pathology (9).

Previous studies concerning alterations in the composition of immune cells in human cancers have predominantly relied on immunohistochemistry (IHC) or flow cytometry. However, these techniques are compromised by the limited set of available molecular markers and are cumbersome to apply to large panels of tumors; furthermore, in the case flow cytometry, fresh or frozen tissue is required (10, 11). An abundance of transcriptomics data provide an ideal resource for large-scale immune landscape analysis and have been used to develop many computational methods that have been mainly classified into two categories: deconvolution-based approaches and methods that are based on marker genes (12). The deconvolution methods, which include CIBERSORT (13), TIMER (14), EPIC (15), and quanTIseq (16), estimate the cell fractions leveraging on a reference matrix composed of representative expression signatures for specific immune cells. Techniques that are based on marker genes, including MCP-counter (17), xCell (18), and ImmuCellAI (19), utilize a list of genes characterized for each immune cell type to compute an enrichment score and allow for inter-sample comparisons of the same immune cell type. However, these methods have been developed for the enumeration of immune cells from bulk transcriptome data from multiple cancer types that masked inter-tumor heterogeneity between different tumor types; this would affect accuracy, at least to some extent (20). In addition, all of these methods were based on absolute gene expression, thus resulting in incomparability across different datasets. Some of these techniques require data normalization, a process that is susceptible to experimental batch effects and can even distort real biological signals (21). In contrast, our research team has proven that qualitative information derived from relative gene expression is highly robust with regards to batch effects and does not necessarily require normalization (22, 23). It is therefore imperative to develop a cancer-specific qualitative method to estimate the proportion of tumor-infiltrating immune cells.

In this study, we considered colorectal cancer and melanoma as examples and constructed Tumor-infiltrating Immune Cell Proportion Estimator (TICPE), a qualitative method based on the relative expression orderings (REOs) of gene pairs within a sample, to estimate the proportion of immune cells in a TME. These cell proportions could then be used to directly compare the proportion of the corresponding immune cells across samples within a cohort or different cohorts. TICPE was extensively validated in human solid tumors via publicly available IHC data, mRNA mixtures, single-cell RNA-Seq (scRNA-Seq) data from colorectal and melanoma tumors, and simulated bulk samples. Moreover, the immune cell proportions estimated by TICPE could be used for prognostic analysis and associated with treatment status and the efficacy of immunotherapy response to melanoma.



Materials and Methods


Dataset Preparation

We downloaded gene expression datasets from the Gene Expression Omnibus (GEO, http://cancergenome.nih.gov/) and RNA sequencing data from The Cancer Genome Atlas (TCGA) by the University of California Santa Cruz (UCSC) Xena website (https://xena.ucsc.edu/). The processed gene expression profiles of 97 datasets were divided into three sections (see Supplementary Table 1). Eighty-one of these datasets contained eight types of human immune cells and cancer cell lines; normal samples were used to generate signature genes and develop the TICPE. Five datasets were used for to assess the performance of the TICPE. Dataset 1 was derived from an in vitro RNA mixture experiment, GEO accession GSE64385. These mixtures contained different immune populations that were purified from the peripheral blood from healthy donors with variable concentrations and were further diluted in a fixed amount of a solution containing mRNA extracted from HCT-116, a CRC cell line (Supplementary Table 2A). Dataset 2 contained a large series of 566 CRC tumors and 19 non-tumoral colorectal mucosas, GEO accession GSE39582. Of the 566 tumors, 33 patients also had immunohistochemistry data relating to CD3, CD8, and CD68 (Aurélien de Reyniès, Personal Communication). The other three datasets (Accession numbers GSE146771, GSE115978, and GSE72056) were scRNA-Seq data, and corresponded to 10 colon cancer samples, and 31 and 19 patients with melanoma, respectively (see Supplementary Tables 2B–D). The remaining datasets that were associated with clinical information were used to investigate prognosis and response to immunotherapy. The response categories of the melanoma patients were defined by the RECIST classification scheme (Response Evaluation Criteria in Solid Tumors) as a complete response (CR) and partial response (PR) for responders, or stable disease (SD) and progressive disease (PD) for non-responders (24).

For the data downloaded from GEO, we mapped the probe ID to the Entrez gene ID using the corresponding platform annotation file. Data were discarded if a probe had no or multiple corresponding Entrez gene IDs. If multiple probes shared the same Entrez gene ID, then the arithmetic mean of the expression values of these probes was used as the final expression value of the gene. For the RNA-Seq data, profiles of fragments per kilobase million (FPKM) were directly downloaded from the TCGA. For scRNA-Seq data, the reconstructed bulk samples from each donor were identified by aggregating expression profiles from all cell barcodes of the given donor. The cell ratio per cell type in a donor was then calculated by the cell number of a specific cell type divided by the total number of cells (19).



Marker Gene Preparation

For each immune cell type, we integrated a list of marker genes obtained from the literature and other analytical methods, such as xCell and MCP-counter. Most of these were overexpressed relative to other immune cells, and a total of 2,034 marker genes were acquired (see Supplementary Table 3).



Highly Stable Pairs in Cancer Cell Lines

For each cancer cell, pairwise comparisons were performed for the expression level of all genes. For each gene pair (Gi, Gj), with only two possible REO outcomes (the gene expression of Gi > Gj or Gi < Gj), we retained the gene pair with a certain REO (Gi > Gj or Gi < Gj) in at least 99% cancer cells, defined as a highly stable gene pair (SPairs).



The TICPE Development Pipeline

This cancer-specific method can be used for a variety of cancer types. Here, we took colorectal cancer as an example to describe the process in detail, the flowchart for TICPE is described in Figure 1.




Figure 1 | The pipeline of the TICPE algorithm. (A) Summary of the data sources used in the study to develop the TICPE. (B) The pipeline of the TICPE algorithm. RankComp algorithm was used to identify robust signature genes compared with cancer cells for each type of immune cell from the known marker genes. The upregulated score was the reversal significance of all signature genes corresponding to the cell type. Using the simulated model for each cell type, we derived a transformation pipeline for the scores. For each queried sample, calculated upregulated scores and transformed them to estimated cell proportions using learned parameters.




Identifying Signature Genes Compared With CRC Cells

Since cell-type-specific signatures can vary depending on cancer type, there is a need to identify cancer-type specific marker genes for each immune cell type. We take immune cell type A with n cells as an example to illustrate the process that can be used to identify the corresponding signature genes among reported marker genes. Firstly, we used the RankComp algorithm (25) to identify individual-level differentially upregulated marker genes (up-DEGs) for each immune cell compared with the SPairs in the CRC cell lines. The p-values of RankComp were adjusted using the Benjamini and Hochberg method (26). Secondly, the cumulative binomial distribution model was used to identify up-DEGs shared by a non-random high proportion of samples and the P value determined whether a marker gene was differentially upregulated at the population level. Then, the P values were also adjusted for multiple testing to control the false discovery rate (FDR). The significance was calculated as shown in Equation (1).

Equation (1):

	

In Equation (1), P0 represents the probability of observing a marker gene being differentially upregulated in a sample by chance (P0 = 0.5), n and k represent the total number of samples of the immune cell type A and the number of samples with the marker gene being differentially upregulated, respectively. Next, when a marker gene’s adjusted P-value was <0.05, it would be reserved. We finally removed the up-DEGs included in more than one type of immune cell to reduce the dependencies between closely related cell types, and the remained up-DEGs were defined as signature genes (Step 1).



Calculating Upregulated Scores Based on Signature Genes

Based on the signature genes for each immune cell type, we were able to compute the cell infiltration scores for each sample. However, the scores had different distributions between different signature genes and could not thus be compared across immune cell types in a sample. Thus, for each cell type, we conducted a simulated model using the immune cell (cell A) with an additional “control” cell type (a sample of normal colon) and a variety of CRC cell lines. Different types of CRC cell lines were used to reflect the heterogeneity of patients with the same cancer. For the simulated models, batch effects among the three types of dataset were removed using Combat (27). Then, we generated such simulations by using the median expression profile of the merged profile composed of three cell types: 60% of the CRC cell, X% of cell A, and 40–X% control (28). X% represents an arithmetic sequence with a range of 0.8 to 25.6% and an interval of 0.8%. We used this range because these interesting cell types had low fractions in the TME (18).

Taking the SPairs of CRC cell lines as the background, we calculated the cell infiltration scores of the simulations using m signature genes {Gsig.1, Gsig.2,… Gsig.m}, as described below. We were able to calculate the numbers of gene pairs (the gene pair was constructed by Gsig and Gother) belonging to SPairs with ordering patterns (Gsig.i > Gother) and (Gsig.i < Gother) in cancer cells, which were denoted a and b. Similarly, c and d denoted the corresponding numbers of gene pairs with ordering patterns (Gsig.i > Gother) and (Gsig.i < Gother) in a simulation sample. When simulations involved an increasing proportion of immune cells, there were more stable pairs with the ordering patterns (Gsig.i > Gother). Using Fisher’s exact test, we were able to determine the degree of cell infiltration by calculating the reversal significance, also known as the upregulated score (UpScore) for each simulation sample (Step 2).



Transforming UpScores to Estimate Cell Proportions

We designed a transformation pipeline for the UpScores of each cell type to enable the estimated proportions to be compared across cell types, and not just across samples. A simulation containing 0.8% of immune cells was considered to barely result in reversal significance. Therefore, for the simulated model of cell A, we first shifted the UpScores to 0 using the minimal UpScore (which corresponded to the simulation containing 0.8% of cell A) and fitted a power function to the UpScores that corresponded to proportions of 0.8 to 25.6%. The transformed parameters (V1 and V2) were acquired by Equation (2). For each immune cell type, we could get a pair of transformed parameters.

Equation (2):

	

In Equation (2), F represents the proportions of 0.8 to 25.6% and S represents the corresponding UpScores of cell A.

It was recommended that an expression dataset should contain as many signature genes as possible. The UpScores of different immune cell types were calculated based on their different signature genes. Subsequently, using the parameters corresponding to immune cells, the UpScores were transformed into estimated cell proportions for each sample (Step 3).




The Generation of Simulated Data

We simulated bulk RNA-seq data with different tumor purity values and immune infiltrates by mixing malignant cells with different immune cells from a scRNA-seq dataset. There were 100 simulated samples and each of these was composed of 1,000 cells that were randomly selected, as follows: (i) Cancer cells form the majority of a simulated samples, a fraction f of them was constrained to the interval [0.5, 0.99], and the remaining fraction 1 − f was randomly assigned to the other immune cell types; (ii) the fraction was multiplied by 1,000 to obtain cell counts for different cell types; (iii) the corresponding number of cells was randomly selected from the single cell dataset. If one cell type was available from the scRNA-seq dataset with only a few cells available, then, the same single cell sample would be selected multiple times for the artificial bulk sample.



Performance Assessment of the TICPE

The performance of the TICPE was evaluated using both microarray and RNA-Seq datasets and compared with that of previously published methods (CIBERSORT, EPIC, xCell, MCP-counter, and ImmuCellAI). For a given immune cell type, the accuracy and sensitivity of each method were measured using Pearson’s correlation between the results of in silico methods and the true proportions, as measured by immunohistochemistry or scRNA-Seq. Furthermore, we introduced a correlation deviation (19) for all cell types to measure the global performance of each method; this strategy took the sample size and overall accuracy into consideration. A smaller correlation deviation might suggest that the predicted cell fractions agree better with the true composition, as shown in Equation (3).

Equation (3):

	

In Equation (3), n represents the number of immune cell types detected in samples and ri represents the Pearson correlation coefficient of immune cell type i.



Statistical Analysis

The correlation between estimated proportion and true composition was evaluated by Pearson’s correlation. The ROC analysis was performed to assess the validity of the TICPE and was completed by pROC R Package. The statistical significance of comparisons between two groups or more than two groups was estimated by the Wilcoxon rank-sum test or the Kruskal–Wallis test, respectively. The overall survival curves were estimated by the Kaplan–Meier method, and the differences between survival distributions were evaluated by the two-sided log-rank test (29). The Venn diagram was used to analyze the signature genes were different between CRC and melanoma by ggvenn R Package. All statistical analyses were performed using R program (version 4.0.2). P-values were two-sided, and P <0.05 was considered to be statistically significant (4).




Results


Development of the TICPE Algorithm

We designed a method, called TICPE, to estimate the proportions of eight important tumor-infiltrating immune cells (B cells, CD4+ T cells, CD8+ T cells, dendritic cells (DC), monocytes, macrophages, natural killer (NK) cells, and neutrophils) in a specify type of cancer. We integrated marker genes for these different cell types from publications and obtained expression profiles for immune cells, cancer cell lines, and normal tissues, from the GEO database (Figure 1A; Table 1). Taking colorectal cancer as an example, a three-step strategy of the core algorithm of TICPE is shown in Figure 1B; the detailed algorithm is described in the Materials and Methods section. Since the marker genes were screened relative to other immune cells, but not to tumor cells, the genes for a specific type of cancer needed to be filtered. We applied the RankComp algorithm to detect overexpressed marker genes in a given immune cell compared with CRC cells (FDR <5%). We then created a specific gene set from overexpressed marker genes as signature genes; this included 218 genes from the eight immune cell types (Binomial test, FDR <5%) (Table 2) (Step 1). We were then able to compute the cell infiltration scores for each sample based on the signature genes (Fisher’s exact test) (Step 2). However, the scores exhibited different distributions between different signature genes and could not therefore be compared across cell types in a given sample. For each immune cell type, we thus conducted a simulated model using the immune cells, CRC cells, and normal colon samples, and calculated the UpScores based on signature genes. Next, we designed a transformation pipeline for the UpScores and acquired a pair of transformed parameters for each cell type. For CRC samples, we were able to calculate the UpScores for each immune cell type and transform these into the estimated cell proportions with the acquired parameters corresponding to immune cells (Step 3).


Table 1 | Datasets used in developing TICPE for colorectal cancer.




Table 2A | A specific gene set compared with CRC cells for per cell type was selected and used in TICPE.





Table 2B | A specific gene set compared with melanoma cells for per cell type was selected.






The Performance of the TICPE in CRC and Melanoma Samples

Firstly, we calculated the proportion of immune cells in CRC samples with three independent publicly available datasets, and simulated RNA-seq data, to evaluate the TICPE. In the in vitro RNA mixture experiment (GSE64385), we observed that the estimated cell proportions were highly correlated with the cell proportions for the populations introduced in the mixtures (ρ = 0.99 and P = 4.2 × 10−13 for B cells, ρ = 0.82 and P = 9.9 × 10−4 for monocytes, ρ = 0.96 and P = 3.3 × 10−7 for NK cells, ρ = 0.96 and P = 4.1 × 10−7 for neutrophils; Figure 2A). Then, we used scRNA-Seq data from 10 colon cancer samples (GSE146771) and compared TICPE predictions with measured immune cell proportions. As shown in Figure 2B, the proportions of immune cells estimated by the TICPE showed a significantly positive correlation with the actual cell proportions (P <0.05). We also observed a significant correlation between our predictions and the immunohistochemistry data from 33 colorectal cancer tumors (P <0.05; Figure 2C). The number of samples available from published data was limited, so we further used the scRNA-Seq data of annotated immune cells to generate 100 simulated bulk RNA-seq samples (further details are given in the Materials and Methods section). The TICPE showed a high correlation between the known proportions and the estimated fractions in the simulated dataset (P <0.01; Figure 2D). Furthermore, we used two scRNA-Seq datasets from melanoma patients (GSE115978; GSE72056) as benchmark resources for assessing the performance of the TICPE. The estimated proportion of each immune cell type was found to correlate with the true immune cell proportions that were calculated from single cell barcode information (P <0.05; Supplementary Figures 1A, B). Similarly, we used one of the scRNA-seq datasets (GSE115978) from melanoma ecosystems to simulate bulk samples of known cell type proportions and observed a good agreement with our predictions (P <0.05; Supplementary Figure 1C). Furthermore, we employed the receiver operating characteristic (ROC) curve and the area under the curve (AUC) to evaluate the performance of TICPE. We used the median true cell proportions as the cutoff for each cell type, and found the TICPE estimates had an AUC value ranging from 0.667 to 1 on publicly available datasets (Supplementary Figure 2).




Figure 2 | Performance assessment of the TICPE in solid tumors. (A) Correlation of the TICPE predictions with the cell proportions for the populations introduced in the mixtures. (B) Comparison with single-cell RNA-Seq data from colon samples. (C) Correlation of the TICPE predictions with corresponding cell densities measured by immunohistochemistry from colon cancer primary tumors. (D) Correlation of the TICPE predictions versus known cell type fractions on 100 simulated bulk samples generated from scRNA-seq from colon samples. Correlations were based on Pearson correlation. Proportions of cells observed experimentally were given in Supplementary Table 2.



We hypothesized that the high correlation values resulted, at least in part, from the robust signature genes for a specific type of cancer. Therefore, we respectively collated sets of marker genes, as reported by Angelova et al. (30), Aran et al. (18), and Manoharan et al. (31), and used the same pipeline to estimate the cell proportions to compare the representativeness of the signature genes selected by the TICPE and those in specific types of cancer. Using these public validation datasets with different cell types, we evaluated the performance of the signature gene sets on independent datasets. We observed that, in most cases, the selected signature genes in our study showed better performance in terms of the estimated cell proportions than the marker genes from previously published methods (Figure 3A). In general, and not only for colorectal cancer and melanoma, the TICPE can also be developed to estimate the proportions of infiltrating immune cells in other types of cancer when collect relevant cancer cells and normal cells are tested within the same development pipeline. Moreover, the more robust cell type-specific genes we attained, the better performance we saw in the TICPE.




Figure 3 | Performance comparison with other methods. (A) Scatter plot organized by cell type showing the performance of different marker gene sets identified from four sources. Methods performance was quantified using Pearson’s correlation (R). Different colors represented marker genes collated from different methods and different datasets had corresponding shapes. (B, C) Performance of TICPE and other methods on CRC and melanoma validation cohorts, respectively. Here rows corresponded to methods and columns showed the Pearson correlation coefficient for the corresponding cell type in each dataset. (D) Correlation deviation of each method in both CRC and melanoma validation datasets.





A Comparison of the TICPE With Previously Published Methods

We utilized the public validation datasets and simulated RNA-seq data to benchmark a range of other methods (CIBERSORT, EPIC, MCP-counter, xCell, and ImmuCellAI) in order to predict immune cell proportions. Compared to the other methods used currently in CRC validation datasets, the TICPE did not obtain the highest correlations across all cell types; however, it did provide the most consistent performance of all the assessments (Figure 3B). The majority of cell types measured by TICPE showed higher correlations with the observed cell fractions than the other methods for both scRNA-Seq datasets from melanoma patients and simulated samples (Figure 3C). Performance of TICPE and previous computational methods was assessed with all validation datasets by cell type. We chose the cell type that was analyzed in more than three datasets. The TICPE robustly obtained positive correlations across all cell types and data sets and scored the high performers in the assessments (Supplementary Figure 3A). In addition, the TICPE showed the least correlation deviation for the publicly available datasets for CRC and melanoma (Figure 3D).

It is also worth noting that the available methods for estimating immune cell contents are based on quantitative expression measurements of reference profiles or signature genes, thus resulting in incomparability across different datasets. In contrast, our method was based on the relative ordering of gene expression and was developed to estimate cell proportions in every individual tumor sample; this strategy was more flexible than the other methods. We analyzed the cell infiltration of two scRNA-Seq datasets for melanoma and compared the results of in silico methods with the true proportions. With the exception of macrophages (Wilcoxon test; P = 0.017), we found that there was no significant difference in the actual cell fractions when compared between the two datasets for melanoma. The TICPE estimates, had a similar trend to the actual proportions and showed no statistical significance between the two datasets except for macrophages (Wilcoxon test; P = 0.02; Supplementary Figure 3B). However, the majority of cell contents estimated by xCell and ImmuCellAI between the two datasets were significantly different and differed from the actual proportions. These results showed that the TICPE is a robust approach that supports the comparisons of the same cell type across different datasets at the same time and shows high levels of accuracy and robustness to estimate the proportion of immune cells of tumor samples.



TICPE Revealed That Immune Cell Infiltration Has Prognostic Value

TIICs are indispensable components of the tumor microenvironment and have been demonstrated to be highly valuable in determining the prognosis of multiple cancers. We accessed data from the GEO and TCGA to investigate whether TIICs had prognosis value for melanoma patients. We employed the TICPE to systematically estimate the eight infiltrated immune cells and stratified patients into a high infiltration subtype and a low infiltration subtype by using the median cell proportions as the cutoff. The results of Kaplan–Meier analysis of 79 metastatic melanoma specimens (GSE54467) and a unique set of 51 treatment-naive primary melanoma samples (GSE98394) both indicated that higher fractions of CD4+ T, CD8+ T cells, and NK cells might be associated with better survival over those with low proportions (P <0.05; Figure 4). In addition, RNA-seq data from 472 SKCM patients and OS data for 468 patients were downloaded from the TCGA database. In addition, 323 patients with a blank therapy type were posited without chemo/radiotherapy. We only selected these patients to reduce the treatment affecting patient prognosis and also found that melanoma patients with a high density of NK cells had a better prognosis (P = 0.0021; Figure 4). Furthermore, the TICPE was able to estimate cell proportions in every individual tumor sample. Therefore, we combined 57 melanoma patients with lymphnode (GSE22153) and subcutaneous metastases, along with 20 melanoma patients with liver and lymphnode metastases (GSE22154), who were treated in the same clinical center. Melanoma patients with a higher abundance of B cells, CD4+ T, and CD8+ T cells had a longer overall survival with or without combining the 20 patients with liver and lymphnode metastases (Supplementary Figure 4).




Figure 4 | The application of TICPE on prognostic analysis for melanoma. Survival high CD4+ T/CD8+ T/NK cells and low CD4+ T/CD8+ T/NK cells groups in melanoma patients, respectively. P values comparing two groups were calculated with the log-rank test.



We also applied the TICPE to four cohorts of CRC patients to investigate the relationship between cell infiltrations and patient prognosis. In a cohort of 160 stage II and III CRC tissue samples that were treated surgically (GSE24551), patients with high levels of CD8+ T cell infiltration were significantly associated with a better DFS (disease-free survival) compared with those with a low infiltration subtype (P = 0.041). In a large series of CRC patients who had not received adjuvant chemotherapy (GSE39582), and a cohort comprising 232 colorectal cancer patients (GSE17538), we found that a higher proportion of NK cells indicated a prolonged period of patient survival (P = 0.0079; P = 0.018) while an increased number of CD8+ T cells was associated with a better prognosis, although this was not statistically significant in either of the datasets. Furthermore, in a cohort of 232 colorectal cancer patients (GSE17538), despite the fact that macrophage infiltration was not statistically significant, a higher proportion of macrophages was associated with a dismal prognosis (P = 0.17). We also observed the same tendency in 171 surgically resected CRC specimens without chemo/radiotherapy (GSE14333); relatively poor DFS was correlated with an increased fraction of macrophages (P = 0.06; Supplementary Figure 5). Taken together, CD8+ T cells and NK cells were shown to play favorable roles in the survival of CRC and melanoma patients and the data obtained using the TICPE for several cohorts suggested that immune cell proportions can serve as an effective prognostic indicator for tumors.



TICPE Detected Changes in the Proportions of Immune Cells During Immunotherapy for Melanoma

An increasing number of research studies has revealed that an elevation in the levels of CD8+ T cells and NK cells is associated with an immunotherapy response in anti-PD-1 treatment (32, 33). We applied the TICPE to a melanoma dataset (GSE91061) to investigate the impact of immune cell proportions on cancer immunotherapy. The estimated fractions of CD8+ T cells and NK cells in pre-treatment and on-treatment samples showed a substantial increment in the complete and partial response group (CR & PR) (Kruskal-Wallis test; P < 0.05) than the other groups (Figure 5A). With regards to pre-treatment data, the immune cell fractions across different groups showed no statistical differences. Notably, there was no statistically significant difference between paired pre-treatment versus on-treatment immune cell proportions in responders. However, there was an increasing trend for changes in immune cell proportions during anti-PD-1 treatment; this indicated that these immune cells were associated with a favorable response to PD-1 inhibition (Figure 5B; Wilcoxon test). These results suggested that TICPE could provide important insights on the dynamic immune cell infiltration during immunotherapy and offer valuable indicators for immunotherapy response during treatment.




Figure 5 | The application of TICPE on immunotherapy for melanoma. (A) The significant proportion differences of CD8+ T cells (left)/NK cells (right) in different response groups at pre- and on-treatment (anti-PD1) time point. (B) Change of the estimated immune cell proportions between pre-treatment and on-treatment time point in paired responders.






Discussion

In this study, we developed the TICPE, a cancer-specific qualitative method based on REOs, to estimate the proportion of eight different immune cells. The results of our extensive validation using immunohistochemistry data, mRNA mixtures in vitro, scRNA-Seq data, and simulated bulk RNA-seq samples, demonstrated that the TICPE could effectively infer immune cell fractions from transcriptome profiles. Of note, the TICPE does not only apply for colorectal cancer and melanoma, the TICPE could also be developed to estimate the infiltrating immune cells in any type of cancer as long as relevant data is available, such as cancer cells and normal samples. We had a straightforward comparison tumor microenvironment between colorectal cancer and melanoma utilizing data compiled by TCGA. The results showed that melanoma was highly infiltrated by CD4+ T cells, NK cells, dendritic cells, and neutrophils but poorly by cells of B cells, CD8+ T cells, monocytes, and macrophages in comparison with colorectal cancer (Supplementary Figure 6A). Moreover, the TICPE could be broadly employed to other components of the tumor microenvironment with the increased availability of public data by using the proposed pipeline. In the further work, with the gradual accumulation of relevant data of other cancer types and cell types, we will develop the TICPE for each neoplasm. Then we will estimate the abundance of immune cell populations in samples across multiple cancer types from The Cancer Genome Atlas (TCGA), and propose a global analysis of immune landscape across human cancers.

The key step in constructing the TICPE involved accurately identifying a list of genes characterized by a cell type. Compared to other methods based on marker genes, our method was more reliable due to the fact that it incorporated a group of signature genes for each cell type that was acquired from a comprehensive literature search and featured differentially expressed genes when compared with cancer cells. As shown the Venn diagram of Supplementary Figure 6B, there were some shared cell type-specific genes in both CRC and melanoma, but the majority of signature genes for each cell type were cancer type-specific in our study (Supplementary Table 4), which also indicated the gene expression of immune cell varied across different tissues. On the other hand, we chose to apply a gene signature approach over deconvolution methods because of the several advantages that the former provides. First, we did not require a reference expression matrix and could treat immune cells independently; this supported inter-sample comparisons and avoided issues relating to multicollinearity. Second, the TICPE was based on the rank of gene expression rather than the actual gene expression value and was therefore suitable for cross-platform transcriptomic measurements and comparisons. Finally, gene signatures are simple and can easily be adjusted. Furthermore, the procedure for developing TICPE was based on REOs so that it was agnostic to monotonic data normalization or concerns related to experimental batch effects; these effects rendered our technique more robust to both technical and biological noise.

The TICPE was reliable and could stratify a cohort of similar tumors based on the composition of their immune microenvironments, and could follow proportional changes of the microenvironment during the course of immunotherapy. In this investigation, CD8+ T cells and NK cells were shown to play favorable roles in the survival of CRC and melanoma patients. CD8+ T cells are the most potent cytolytic cell subset and NK cells also exert cytolytic functions (34, 35). CD8+ T cells are able to exert a directly killing effect on tumors cells and have been linked to a better prognosis in several types of cancer (36). In parallel with CD8+ T cells, NK cells can recognize and kill neoplastic cells and play pivotal roles in innate and adaptive immune responses and tumor immunosurveillance (37). In addition, our study also showed that the abundance of macrophages may serve as an unfavorable prognostic marker for CRC. Macrophages are conventionally classified into M1 and M2 subtypes. M2 macrophages secrete Interleukin 10 (IL-10), transforming growth factor-β(TGF-β), and other mediators that stimulate tumor-related angiogenesis and inhibit antitumor immune response (4, 38). On the other hand, although limited in sample size, our analysis detected an association between anti-PD-1 immunotherapy response and elevated CD8+ T cell and NK cell levels and revealed the potential of TICPE for providing important insights into dynamic immune cell infiltration during immunotherapy. The TIICs found in our study make a significant contribution to patient survival and treatment and our findings are corroborated by previous studies (17, 39). Overall, the proportions of immune cells measured by the TICPE could serve as a prognostic factor or a potential predictive model for the response to immune checkpoint blockade therapy in solid tumors.

Despite the utility of our method for estimating the tumor immune contexture for a particular type of cancer, several issues require further investigation. First, the TICPE was a cancer specific model and only focused on a very narrow range of cell types from the tumor microenvironment as our research involved publicly available datasets and gene sets that were characterized by each type of immune cell. Further efforts are required to collect more relevant information to extend the technique to other cell types (e.g., cancer-associated fibroblasts) and should be expanded to include more cancer types. Moreover, the inferences were strictly upregulated scores which could be compared with cancer cell and could not be interpreted as proportions. Thus, while we attempted to calibrate our method to resemble proportions, this strategy was hindered by conducting simulations to real-world datasets; the reliability of the technique needs to be improved. Furthermore, the final estimates were not normalized to sum up to one; therefore, the estimates could not be interpreted directly as cell fractions. Consequently, further improvement of our method is certainly warranted, including the reselection of signature genes from genome-wide genes to extend to other cell types and the selection of a large cohort of real-world datasets with cell proportions to conduct simulated models.

In summary, the TICPE is a cancer-specific qualitative method for estimating the tumor immune contexture using public RNA-Seq and microarray datasets. The TICPE can estimate the proportion of infiltrating immune cells in CRC and melanoma but could also be extended to other types of cancer. Furthermore, the TICPE was based on REOs and can estimate the proportions of tumor-infiltrating immune cells in individual tumor samples. Therefore, the TICPE showed good comparability across different datasets and was only weakly affected by batch effects. We anticipate that this method will assist in the discovery of novel prognostic and predictive response biomarkers for both conventional and immunotherapy by taking immune cell composition into account.
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