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Abstract: The best current biomarker strategies for predicting response to immune checkpoint inhibitor (ICI) therapy fail to account for interpatient variability in response rates. The histologic
tumor–stroma ratio (TSR) quantifies intratumoral stromal content and was recently found to be
predictive of response to neoadjuvant therapy in multiple cancer types. In the current work, we
predicted the likelihood of ICI therapy responsivity of 335 therapy-naive colon adenocarcinoma
tumors from The Cancer Genome Atlas, using bioinformatics approaches. The TSR was scored on
diagnostic tissue slides, and tumor-infiltrating immune cells (TIICs) were inferred from transcriptomic data. Tumors with high stromal content demonstrated increased T regulatory cell infiltration
(p = 0.014) but failed to predict ICI therapy response. Consequently, we devised a hybrid tumor
microenvironment classification of four stromal categories, based on histological stromal content
and transcriptomic-deconvoluted immune cell infiltration, which was associated with previously
established transcriptomic and genomic biomarkers for ICI therapy response. By integrating these
biomarkers, stroma-low/immune-high tumors were predicted to be most responsive to ICI therapy.
The framework described here provides evidence for expansion of current histological TIIC quantification to include the TSR as a novel, easy-to-use biomarker for the prediction of ICI therapy response.
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1. Introduction
The tumor microenvironment (TME), or tumor stroma, refers to the local environment in which malignant cells are embedded, and comprises a multitude of (sub)cellular
components [1]. The dynamic interactions that occur between the TME and malignant
cells promote tumorigenesis and are essential in cancer progression [2]. The tumor–stroma
ratio (TSR), previously discovered by our research group, is a prognostic tool that stratifies
patients into high-risk and low-risk categories based on the histologic quantification of
stromal content within the primary tumor (PT) [3]. Tumors with a high stromal content
were previously shown to have a poor patient outcomes in a variety of epithelial malignancies [4–11]. In addition, the TSR was found to be a predictor of pathologic response to
neoadjuvant therapy in breast and esophageal cancer [12–14].
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Molecular modulation of the tumor stroma, as a key driver of cancer progression and
dissemination, has gained scientific interest over the past few years [15,16]. Considering
the molecular background of the TSR, our understanding of the molecular drivers behind
its prognostic value is gradually advancing. We recently identified a prognostic gene
expression ratio of stromal versus epithelial genes that correlates to the TSR [17]. Moreover,
cell membrane and gene expression markers associated with cancer-associated fibroblasts
(CAFs) were found to be increased in stroma-high tumors, compared with stroma-low
tumors [18]. Given the key role of CAFs in extracellular matrix (ECM) deposition and
remodeling and their association with poor prognosis, CAF enrichment in the TME is likely
to be a driver of high stromal content [19].
Besides mesenchymal cells, the immune system is considered to be a crucial component of the tumor stroma, where tumor-infiltrating immune cells (TIICs) host a variety of
pro-tumorigenic and anti-tumorigenic roles [20]. Considering the interplay between the
immune system and the TSR, we recently observed a synergistic effect of high stromal
content and intratumoral HLA class I expression on patient survival, in which patients with
a stroma-high tumor and concurrent low HLA class I expression demonstrated poorer survival rates [21]. Moreover, stroma-high tumors were associated with increased infiltration
of selected macrophage and T cell subsets in breast cancer [22]. Nevertheless, a comprehensive characterization of TIIC composition and its clinical relevance to intratumoral stromal
content is currently lacking.
Recently, advances in immune-system-derived treatment modalities, such as immune
checkpoint inhibitor (ICI) therapy, have resulted in a therapeutic paradigm shift in clinical
oncology [23]. Despite the clinical success of ICI therapy, the considerable interpatient
variability in objective response rates remains a major challenge, with an estimated percentage of responders across eligible primary tumor types of approximately 13% in U.S.
patients in 2018 [24]. To maximize therapeutic benefit and avoid unnecessary toxicity, the
establishment of predictive biomarkers to guide the treatment decision-making process is
warranted. Over the past few years, multiple biomarker strategies have been proposed as
predictors of ICI therapy response; amongst others, tumor-infiltrating lymphocyte density,
microsatellite instability (MSI), immunohistochemistry-based PD-L1 expression, and tumor
mutational burden (TMB) [25]. However, a cumulative number of reports demonstrate
ambiguous results in the application of these biomarkers [26,27].
Given its recent discovery as a predictor of response to (neo)adjuvant therapy and the
key role of the ECM in TIIC composition, we hypothesize that the TSR may have additive
clinical value in predicting response to ICI therapy. In the current work, we set out to
explore the TIIC composition in stroma-high and stroma-low colon carcinoma tumors
using bioinformatics approaches. We subsequently define a stromal classification, based
on intratumoral stromal content and TIIC composition, which has been associated with
previously established transcriptomic and genomic biomarkers for ICI therapy response.
2. Materials and Methods
2.1. Data Acquisition
We analyzed gene expression profiles obtained from The Cancer Genome Atlas
(TCGA). Illumina HiSeq Level 3 mRNA bulk sequencing data and clinical metadata from
the TCGA colon adenocarcinoma (COAD) project were obtained from the Genomic Data
Commons (GDC; https://gdc.cancer.gov, accessed on 1 June 2021) by R/Bioconductor
package TCGAbiolinks (version 2.18.0) [28]. Samples were included based on colon adenocarcinoma histological subtype and complete microsatellite status data (n = 366). Patient
identifiers of the included cohort are available in Supplementary Data S1. Absolute gene
expression data were gene length normalized, adjusted for within-lane and between-lane
effects using Python package HTSeq, and expressed as fragments per kilobase million
mapped reads (FPKM) [29].
For the validation cohort, we analyzed gene expression profiles (n = 106) from the
Clinical Proteomic Tumor Analysis Consortium (CPTAC) prospective proteogenomic
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analysis of colon adenocarcinoma [30]. Level 3 mRNA bulk sequencing data and clinical metadata from the CPTAC cohort were obtained from the LinkedOmics repository
(http://linkedomics.org/login.php, accessed on 1 June 2021). Absolute gene expression
data were gene length normalized and expressed as transcripts per million mapped reads
(TPM). Patient identifiers of the included cohort are available in Supplementary Data S1.
2.2. CIBERSORTx Digital Cytometry
The CIBERSORTx web portal (https://cibersortx.stanford.edu/, accessed on 1 July
2021) was utilized to run the validated 22-phenotype leukocyte signature (LM22) in absolute
mode with 100 permutations and B-mode batch correction [31]. The LM22 signature infers
immune cell populations based on the expression of 547 immune cell-expressed genes;
a list of the 22 leukocyte phenotypes can be found in Supplementary Table S1. A total
of 6 (1.1%) of the 547 genes of the LM22 signature matrix were missing from the input
mRNA sequencing data. The CIBERSORTx absolute mode scales relative cellular fractions
into an absolute score that reflects the absolute proportion of each cell type in a tumor,
which can subsequently be compared amongst cell types [32]. Gene-length normalized
FPKM gene expression data were used as input data. Samples with accurate CIBERSORTx
deconvolution (p < 0.05) were considered to be eligible for further immunophenotyping
analysis. For assessment of relative intra-tumoral TIIC heterogeneity, absolute scores were
normalized to 1.
2.3. Tumor–Stroma Ratio
The TSR was scored on digital diagnostic hematoxylin and eosin (H&E)-stained slides
of primary tumors from the TCGA COAD project, retrieved from the GDC portal. The
TSR was scored using Aperio Imagescope (version 12.4.3) digital slide viewer software.
The area with the highest amount of stroma was selected, according to the previously
published protocol for colon cancer; a detailed description of the methodology and scoring
eligibility criteria can be found in this protocol [33]. The percentage of stroma was scored
in increments per ten percent (i.e., 10%, 20%, etc.) and the tumor was subsequently
categorized as a stroma-high (>50%) or stroma-low (≤50%) tumor. Observers (CR and
MP) were trained with the TSR E-learning module constructed for the Uniform Noting for
International Application of the Tumor-Stroma Ratio as an Easy Diagnostic Tool (UNITED)
study [34,35]. In 33% percent of the slides, blinded visual scoring was performed by a
second observer; subsequently, the interobserver agreement was assessed by Cohen’s
kappa coefficient. When consensus could not be reached, the assessment of a third observer
(S.C., board-certified pathologist) was decisive.
2.4. Definition of Stromal Categories
We defined 4 stromal categories based on histological stromal content and molecularderived immune cell infiltration data. First, the TSR was used to categorize patients in
stroma-low and stroma-high groups as described in detail above. Next, the 2 groups
were further categorized based on total immune cell infiltration, as computed by the
CIBERSORTx absolute mode, by using the median of the total cohort as a cut-off value. The
resulting stromal categories were a combination of intra-tumoral stromal content and total
immune cell infiltration. Due to a lack of tissue slides in the validation cohort, we stratified
intra-tumoral stromal content based on the stromal score of the Estimation of STromal and
Immune cells in MAlignant Tumours using Expression data (ESTIMATE) computational
method for tumor purity [36], described elsewhere in the methods section. To secure
maximum comparability in the validation cohort, we applied the same stroma-high and
stroma-low distribution as scored by the TSR in the discovery cohort. ESTIMATE’s immune
score was used as a surrogate to CIBERSORTx immune quantification and the validation
cohort was stratified into immune-high or immune-low groups by the median immune
score of the total cohort.
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2.5. Microsatellite Instability, Tumor Mutational Burden, and Single Nucleotide Variants
Microsatellite status data for the TCGA COAD cohort were obtained through the GDC
portal (https://gdc.cancer.gov, accessed on 1 June 2021). Data for the CPTAC validation
cohort were obtained at the LinkedOmics online repository (http://linkedomics.org/
login.php, accessed on 1 June 2021). A detailed description of MSI testing methodology
can be found in the methods section of the original publications [30,37]. Precomputed
tumor mutational load data were acquired from the Supplementary Materials of the
TCGA Immune Landscape of Cancer publication [38]. Mutational load was defined as
the sum of silent and non-silent mutations per megabase (Mb). Using the recently FDAapproved cut-off of 10 mutations per megabase (mut/Mb), the tumors were categorized
into a TMB-low (TMB-L, ≤10 mut/Mb) and a TMB-high (TMB-L, >10 mut/Mb) group for
further analysis [39]. As a genomic classifier in the CPTAC validation cohort, we analyzed
synonymous and non-synonymous single nucleotide variants (SNV).
2.6. MIRACLE and TIDE Prediction Scores
The Mediators of Immune Response Against Cancer in soLid microEnvironments
(MIRACLE) score is a novel computational approach to predict response to ICI therapy
without the need for dataset-specific normalization [40]. A detailed description of the
MIRACLE score and its methodology can be found in the respective publication. In short,
the MIRACLE score integrates stimulatory and suppressive immunological signals, derived
from transcriptomic data, into a balance score that captures the local immune landscape
present in the tumor. MIRACLE scores were computed using the web application (available
at: https://miracle.shinyapps.io/miracle_shinyapp/, accessed on 1 June 2021) with gene
expression profiles as input.
In addition to MIRACLE, the Tumor Immune Dysfunction and Exclusion (TIDE) algorithm is a computational method to predict response to ICI therapy by modeling two
primary mechanisms of tumor immune evasion—namely the induction of T cell dysfunction, depicted by a dysfunction signature, and the prevention of tumor infiltration, depicted
by an exclusion signature [41]. Precomputed TIDE signature scores for the TCGA data were
obtained through the TIDE web portal (http://tide.dfci.harvard.edu/, accessed on 1 June
2021). The TIDE prediction score was subsequently generated as the standard-deviationnormalized dysfunction score for the tumor samples with high cytotoxic-lymphocyte (CTL)
infiltration, and as the standard-deviation-normalized exclusion score for the tumor samples with low CTL infiltration, as per recommendations given by the original authors [41].
Tumors were categorized as CTL-high if the average expression of CTL markers (CD8A,
CD8B, GZMA, GZMB, and PRF1) per sample was greater than the average expression of
these markers in the total cohort. The remaining tumors were categorized as CTL-low
tumors. For the validation cohort, de novo TIDE prediction scores were computed using the
TIDE web portal. The gene expression matrix was normalized by the average expression
value per gene. All computed scores in this study can be found in Supplementary Data S1.
2.7. Gene Set Enrichment Analysis
Single sample gene set enrichment analysis (ssGSEA) was performed on the normalized gene expression data to define gene enrichment of specific stromal and immune
pathways [42]. The TGF-β and CXCR4 signaling pathway gene sets used in this study were
obtained from the Molecular Signatures Database (MSigDB) [43]. The checkpoint genes
included in the checkpoint gene set were selected based on a literature search. All gene
sets used in this study are available in Supplementary Data S1.
2.8. Statistical Analysis
The R programming language (version 4.0.5; https://www.r-project.org/, accessed
on 1 June 2021) was used for statistical analysis and data visualization (packages EDASeq,
tidyverse, viridis, corrplot, ggExtra, GSVA, factoextra, and igraph). Variable distribution
was evaluated with the Shapiro–Wilk test. For comparison analysis, Fisher’s exact test or
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the Chi-squared test were used for categorical variables and the Mann–Whitney U test was
used for continuous variables, following the assessment of variable distribution. Likewise,
parametric (Pearson’s r) or non-parametric (Spearman’s rho) correlation coefficients were
computed, depending on the variable distribution. For comparative analysis, gene expression values were log base 2 transformed. The expression of the checkpoint genes was
summarized by computing the geometric mean expression per tumor sample. A two-tailed
p-value of ≤0.05 was considered statistically significant.
3. Results
3.1. Sample Characteristics and TIIC Composition
We selected 366 gene expression profiles from the TCGA COAD project for digital
cytometric analysis with CIBERSORTx. Patients were selected based on adenocarcinoma
histological subtype and complete microsatellite status data. All patients were therapynaive upon data acquisition. Additional patient characteristics can be found in Supplementary Table S2. Using CIBERSORTx, immune cell composition could be accurately inferred
(p < 0.05) in 359 samples, which were subsequently included for further analysis in this
study. In the remaining seven samples, the imputed cell fractions did not differ from
cell fractions obtained by random chance (p > 0.05) and were therefore excluded from
further analysis.
We first analyzed the relative composition of TIIC subsets in the total cohort of colon
adenocarcinoma patients. Interestingly, mean relative percentages for the presence of
TIICs of lymphoid and myeloid origin were comparable (50.7% and 49.3%, respectively).
Likewise, TIIC proportions, classified on functional annotation of the immune system, were
similar (adaptive 53.0% vs. innate 47.0%). Despite evident intertumoral heterogeneity in
immune cell infiltration, the five most abundant cell subsets with the highest absolute TIIC
score were M0 macrophages (median absolute TIIC score 0.357), resting CD4 T memory
cells (0.285), M2 macrophages (0.239), CD8 T cells (0.158), and activated CD4 T memory
cells (0.125; Figure 1).
3.2. Tumor Microsatellite Status Relates to Immune Cell Infiltration but Is Not Associated with
Stromal Content
Given the clinical association of DNA mismatch repair deficiency and response to
ICI therapy, we then aimed to assess the TIIC composition and microsatellite status in
stroma-high and stroma-low tumors. A total of 335 tumors were eligible for TSR scoring
and were included for further analysis, as slides from nine (2.5%) tumors were not available
(Supplementary Figure S1). The Cohen’s kappa coefficient for interobserver variability
was 0.85, indicating near-perfect agreement. A third review by an independent observer
was necessary to reach a complete agreement in 12 (3.5%) slides. Illustrative images of
stroma-high and stroma-low tumors can be found in Figure 2A,B. Baseline characteristics
of the stroma-low (n = 200, 59.7%) and stroma-high (n = 135, 40.3%) tumors can be found
in Supplementary Table S3.
We observed a significant increase in absolute infiltration of total TIICs; i.e., the
22 measured immune cell phenotypes combined, in MSI-high (MSI-H) in comparison
to MSI-low (MSI-L) and microsatellite stable (MSS) tumors (median 2.43 vs. 1.76 vs.
1.86, p < 0.001; Figure 2C). Upon closer inspection, the expansion of the TIICs in MSI-H
tumors was largely attributed to the enrichment of T cell (median 0.92 vs. 0.69, p < 0.001)
and macrophage (median 0.89 vs. 0.73, p = 0.006) populations, which demonstrated the
largest increase in median infiltration score in comparison to MSS tumors (Figure 2D).
Microsatellite status was not associated with stromal content (Figure 2E).
3.3. Stroma-High Tumors Demonstrate Increased Infiltration of T Regulatory Cells but Are Not
Associated with Increased Expression of T Cell Exhaustion Markers
We then studied TIIC composition in stroma-low and stroma-high tumors and detected
a nearly identical distribution of total TIIC scores (Figure 3A). In addition, we observed no
significant differences in total TIICs in stroma-low versus stroma-high tumors stratified by
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tumor stage (Figure 3B). Subsequent analysis of the infiltration of the 22 distinct immune
cell subsets demonstrated increased infiltration of T regulatory (Treg) cells (p = 0.014) and
decreased infiltration of neutrophils (p = 0.017) in the stroma-high versus the stroma-low
tumors (Figure 3C). When stratified by tumor stage, Treg infiltration was only significantly
different in stage III (p = 0.039); however, stroma-high tumors in all stages demonstrated a
trend towards increased Treg infiltration (Figure 3D).
Since Tregs are believed to host a key role in the suppression of antitumor immunity,
we then tested whether increased Treg infiltration was associated with the expression of
canonical T cell exhaustion markers PD-1, LAG3, TIM3, TIGIT, CTLA-4, SLAMF4, and
VISTA [44]. High expression of these inhibitory markers can be identified on T cells with
a poor effector function [45]. We found significant (p < 0.05) positive correlations for
Treg infiltration and expression of all exhaustion markers, except SLAMF4, indicative of
dysfunctional T cell effector function and an immune-suppressive TME. In addition, CD8
T cell infiltration was associated with both Treg infiltration and checkpoint expression
(Figure 3E). These findings support previous reports on checkpoint expression, suggesting
that increases in immune cell infiltration can be accompanied by paradoxical activation
of immune-suppressive pathways, such as checkpoint expression [45,46]. Despite the
increased infiltration of Tregs in stroma-high tumors, we did not observe significant differences in checkpoint gene enrichment scores between stroma-high and stroma-low tumors
(Figure 3F). The same trend was observed when we analyzed the expression of the checkpoint genes separately (Supplementary Figure S2).

Figure 1. Distribution of tumor-infiltrating immune cell (TIIC) subsets in 359 colon adenocarcinoma
tumors. Ridgeline plot of absolute infiltration of the 22 TIIC subsets, as defined by CIBERSORTx.
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Figure 2. Tumor-infiltrating immune cells (TIICs) and microsatellite status. Representative illustrations of (A) stroma-high
and (B) stroma-low tumors, as scored by the tumor–stroma ratio (TSR). (C) Total TIIC infiltration in microsatellite stable
(MSS), low microsatellite instability (MSI-L), and high microsatellite instability (MSI-H) tumors. (D) Specification of 5 large
TIIC subsets in MSS versus MSI-H tumors. (E) Proportion of stroma-high and stroma-low tumors in the microsatellite status
subgroups. NS, non-significant; X2, chi-squared test.
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Figure 3. The tumor–stroma ratio (TSR), T regulatory cells (Tregs), and T cell exhaustion markers. (A) Total TIIC infiltration
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in stroma-high and stroma-low tumors, as scored by the TSR. (B) Total TIIC infiltration, stratified by tumor stage. (C) Specification of the infiltration of 22 immune cell subsets in stroma-high and stroma-low tumors. (D) Treg infiltration stratified by
tumor stage. (E) Correlation matrix of CD8 T cells, Tregs, and canonical T cell exhaustion markers. (F) Gene set enrichment
analysis of 7 checkpoint genes (i.e., PD1, LAG3, TIM3, TIGIT, CTLA-4, SLAMF4, and VISTA) in stroma-high and stroma-low
tumors. NS, non-significant.

3.4. Defining Stromal Categories Based on Stromal Content and Immune Cell Infiltrate That Are
Predictive of Response to ICI Therapy
We aimed to assess the role of the TSR in predicting response to ICI therapy. The
recently established MIRACLE score is a computational approach for predicting response
to ICI therapy, where a high MIRACLE score predicts favorable therapy response [40].
MIRACLE scores were computed per tumor sample and compared between stroma-high
and stroma-low tumors. We observed no significant difference in MIRACLE scores between
the stroma-high and stroma-low tumors (median 0.85 vs. 0.85, p = 0.263; Figure 4A).
In concordance with MIRACLE, using the established TIDE algorithm for predicting
immune evasion potential, we failed to demonstrate a difference in ICI therapy responsivity
between stroma-high and stroma-low tumors (p = 0.257; Figure 4B). MIRACLE and TIDE
prediction scores demonstrated a weak negative correlation coefficient (rho = −0.142,
p = 0.009; Figure 4C).
Considering the nearly identical distribution of TIICs in stroma-high and stroma-low
tumors (Figure 3A), we analyzed whether MIRACLE scores were associated with total
immune cell infiltration, and found a significant positive correlation (rho = 0.423, p < 0.001;
Figure 4D). Subsequently, we hypothesized that the combination of the TSR and immune
cell infiltrate provides for a superior predictive biomarker. To test our hypothesis, we
defined four stromal categories based on stromal content, using the TSR, and total immune
cell infiltrate, as computed by CIBERSORTx. Representative histological images for the
newly defined stromal categories can be found in Figure 4E. Total immune cell infiltration
was not significantly different between the stroma-low/immune-high (SLIH, n = 107) group
and the stroma-high/immune-high (SHIH, n = 93) group (median 2.39 vs. 2.45, p = 0.47;
Figure 4F). The SLIH and SHIH groups demonstrated higher MIRACLE scores than the
stroma-low/immune-low (SLIL, n = 107) and stroma-high/immune-low (SHIL, n = 61)
groups (Figure 4G). In addition, the SLIH tumors showed higher MIRACLE scores than the
SHIL tumors (Figure 4G). However, there was no significant difference in MIRACLE scores
between the SHIH and SLIH groups (median MIRACLE score 0.88 vs. 0.87, p = 0.687),
suggesting that both groups predict response to ICI therapy equally well. Likewise, there
were no significant differences in total TIICs or MIRACLE scores between the SLIL and
SHIL groups. In accord with these observations, gene expression of T-cell exhaustion
markers only demonstrated significant differences between the immune-high and immunelow groups (Supplementary Figure S3).
Since MIRACLE was recently postulated to complement the established TIDE algorithm for ICI therapy response prediction, we also analyzed TIDE prediction scores
for our TME classification [40,41]. Interestingly, although the TIDE prediction scores
were not informative between the immune-high and the immune-low groups, the SHIL
group demonstrated a higher TIDE prediction score than the SLIL group (median score
0.013 vs. −0.010, p = 0.014; Figure 4H), indicating increased immune evasion potential of
the SHIL tumors in comparison to the SLIL tumors. The TIDE prediction scores were not
significantly different between the SLIH and SHIH groups.
3.5. SLIH Tumors Are Associated with Current Biomarkers for ICI Therapy Response Prediction
Next, in light of our earlier observation of increased Treg infiltration in stroma-high
tumors, we assessed quantitative differences in CD8 T cell and Treg infiltration between the
newly defined stromal groups. CD8 T cell infiltration was significantly different between
SLIH and SHIH groups (median 0.242 vs. 0.205, p < 0.001) and the immune-high and the
immune-low groups (p < 0.001; Figure 5A). CD8 T cell infiltration was positively correlated
to MIRACLE score (rho = 0.509, p < 0.001; Figure 5B) but not to TIDE prediction score
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(rho = 0.056, p = 0.307; Figure 5C). Interestingly, Treg infiltration was increased in the SHIH
versus the SLIH group (0.069 vs. 0.048, p = 0.017; Figure 5D), and significantly correlated to
the TIDE prediction score (rho = 0.179, p < 0.001; Figure 5F), but not to the MIRACLE score
(rho = 0.104, p = 0.058; Figure 5E).

Figure 4. Defining stromal categories based on stromal content and immune cell infiltration. (A) MIRACLE scores in
stroma-high and stroma-low tumors. (B) TIDE prediction scores in stroma-high and stroma-low tumors. (C) Correlation
plot of MIRACLE and TIDE prediction scores. (D) Correlation plot of MIRACLE scores and total tumor-infiltrating immune
cells (TIICs). (E) Representative illustrations of newly defined stromal categories based on stromal content and total TIICs.
(F) The stromal categories and total TIICs. (G) The stromal categories and MIRACLE scores. (H) The stromal categories
and TIDE prediction scores. Rho, Spearman’s rho; SLIL, stroma-low/immune-low; SLIH, stroma-low/immune-high; SHIL,
stroma-high/immune-low; SHIH, stroma-high/immune-high.
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Figure 5. The stromal categories and current biomarkers for ICI therapy response prediction. (A) CD8 T cell infiltration in
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the newly defined stromal categories. Correlation plots of CD8 T cell infiltration and (B) MIRACLE scores, and (C) TIDE
prediction scores. (D) Stromal categories and T regulatory cell (Treg) infiltration. Correlation plots of Treg infiltration and
(E) MIRACLE scores, and (F) TIDE prediction scores. Enrichment analysis of (G) the TGF-β and (H) the CXCR4 signaling
pathways. (I) Stromal categories and the CD8-to-Treg ratio. (J) Proportion of the microsatellite subgroups, stratified by
stromal categories. (K) Proportion of the TMB subgroups, stratified by stromal categories. Rho, Spearman’s rho; SLIL,
stroma-low/immune-low; SLIH, stroma-low/immune-high; SHIL, stroma-high/immune-low; SHIH, stroma-high/immunehigh; MSS, microsatellite stable; MSI-L, microsatellite instability-low; MSI-H, microsatellite instability-high; X2 , chi-squared
test; TMB-H, tumor mutational burden-high; TMB-L, tumor mutational burden-low.

To further address this difference in Treg infiltration, we performed enrichment analysis of the TGF-β and CXCR4 signaling pathways that were previously demonstrated
to promote the differentiation of CD4 T cells into Tregs [47,48]. Although we observed
significant enrichment of the TGF-β and CXCR4 signaling pathways in the immune-high
versus the immune-low groups, enrichment of the signaling pathways was not significantly
different between the SHIH and SLIH groups (Figure 5G,H). This finding suggests that the
observed differences in CD8 T cell and Treg infiltration between the SHIH and SLIH groups
cannot be readily explained by TGF-ß and CXCR4 signaling and are likely driven by other
factors. However, key genes from the TGF-β and CXCR4 signaling pathways are included
in the CIBERSORTx LM22 signature, used here to define the stromal categories. Therefore,
due to the nature of our hybrid transcriptomic classification, caution is warranted in interpreting the results from gene enrichment analyses. Nevertheless, the difference in CD8
T cell and Treg infiltration consequently resulted in an increased CD8-to-Treg ratio in the
SLIH group in comparison to the SHIH group (median ratio 1.95 and 1.42, respectively,
p = 0.005; Figure 5I), a biomarker that was recently found to be predictive of ICI therapy
response in non-small cell lung cancer (NSCLC) [49].
In addition to the CD8-to-Treg ratio, MSI has been proposed as a predictive biomarker
for response to ICI therapy. As described above, there was no significant association
between MSI and the TSR (Figure 3E). We then tested whether MSI was related to the
newly defined stromal categories. Notably, in concordance with our finding of an increased
CD8-to-Treg ratio in SLIH tumors, the SLIH tumors demonstrated the largest proportion
of MSI-H tumors (X2 = 21.119, p = 0.002; Figure 5J). Lastly, we tested whether the stromal categories were associated with TMB, a genomic parameter closely related to MSI.
Mutational load data were available for a subset of the tumors (n = 268). Similar to MSI,
SLIH tumors demonstrated the largest proportion of TMB-H tumors (X2 = 11.225, p = 0.011;
Figure 5K). Interestingly, despite the enrichment of MSI-high and TMB-high tumors in
the SLIH category, MSI-H and TMB-H tumors were present across all stromal categories.
This suggests that the stromal categories defined here may provide additional predictive
information that is not captured by current biomarkers for ICI therapy response prediction.
3.6. Validation in an External Cohort
Lastly, we aimed to validate our findings in an external cohort of 106 colon adenocarcinoma samples, previously reported by Vasaikar et al. [30]. Patient and tumor characteristics
of the validation cohort can be found in Supplementary Table S2. Due to a lack of datasets
containing both whole transcriptome sequencing data and histological tissue slides in
colon cancer, we were not able to mimic the analyses performed in the discovery cohort.
However, since we recently reported an association between histologic stromal content and
the transcriptomic ESTIMATE algorithm for tumor purity, we then decided to simulate
the stromal categories using said algorithm [17,50]. To define the four stromal categories,
we utilized ESTIMATE’s stromal score to categorize tumors as stroma-high or stroma-low,
maintaining the same distribution as in the discovery cohort (40.3% stroma-high, 59.7%
stroma-low). In addition, ESTIMATE’s immune score was used to categorize tumors as
either immune-high or immune-low.
We then computed MIRACLE and TIDE prediction scores for the categorized tumors.
In concordance with the discovery cohort, the immune-high tumors demonstrated the
highest MIRACLE scores but were not significantly different between the SLIH and the
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SHIH groups (Figure 6A). Interestingly, although not discriminative in the discovery cohort,
the TIDE prediction scores in the validation cohort were the lowest in the SLIH group
(Figure 6B), suggesting that these tumors demonstrate the least immune evasion potential
of the stromal categories. We then noticed a trend of increased TIDE prediction scores in
the SHIL tumors in comparison to the SLIL tumors; however, the TIDE prediction scores
were not significantly statistically different, possibly due to the small sample size of the
SHIL group.

Figure 6. Validation of the stromal categories in an external cohort. The stromal categories and (A) MIRACLE scores,
and (B) TIDE prediction scores. (C) Proportions of microsatellite status subgroups per stromal category. (D) Bar chart of
single nucleotide variant (SNV) rate per sample. (E) SNV rate per stromal category. SLIL, stroma-low/immune-low; SLIH,
stroma-low/immune-high; SHIL, stroma-high/immune-low; SHIH, stroma-high/immune-high. MSS, microsatellite stable;
MSI-H, microsatellite instability-high; X2 , chi-squared test.

In addition to relatively low TIDE prediction scores, the SLIH stromal category contained the highest proportion of MSI-H tumors (X2 = 14.974, p = 0.020; Figure 6C). We then
compared single nucleotide variants (SNV) between the different stromal categories and
observed extensive heterogeneity (Figure 6D). Although the SNV rate in both immune-high
groups was significantly different from the SHIL group, we did not observe significant
differences between the immune-high groups and the SLIL group (Figure 6E). Nevertheless, although based on transcriptomic categorization only, the results in the validation
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cohort provide further support for the TME classification as a predictive biomarker for
immunotherapy response.
4. Discussion
In the current work, we aimed to characterize the TIIC composition in stroma-high
and stroma-low tumors using bioinformatics approaches. Recent advances in oncoimmunology have established TIICs as novel targets in cancer therapeutics, resulting in the
widespread application of ICI therapy in solid primary tumors. To account for interpatient
variability in treatment response and optimize precision medicine, detailed characterization of the TME is warranted. Recently, the previously proposed TMB biomarker for ICI
therapy response was proven to be predictive in only a subset of primary tumor types [26].
In addition, an explorative study of neoadjuvant ICI therapy in early-stage colon cancer
demonstrated pathologic responses in both MSS and MSI tumors [51]. The recent emergence of computational oncology has given rise to algorithms that accurately predict ICI
therapy response based on pre-treatment tumor profiles, but require thorough transcriptomic analyses that have not been adopted in clinical practice so far [40,41]. These findings
highlight the need for a clinically feasible biomarker capable of accurate prediction of
response to ICI therapy. Here, we demonstrate how a combination of two quantitative
TME parameters, stromal content and total immune cell infiltration, correlate to multiple
previously established predictive biomarkers of ICI therapy response, and may provide
a stromal alternative to the conventional malignant-cell-oriented biomarkers, such as
microsatellite status, TMB, and PD-L1 expression.
The TSR has been recognized as an independent predictor of survival in a multitude
of epithelial malignancies and is currently subject to prospective validation for colon cancer
in the international UNITED study [34,35]. At the molecular level, histologically defined
stroma-high tumors demonstrated increased expression of CAF markers when compared
to stroma-low tumors [18]. Moreover, a recent functional report on CAF subtypes described
an important role for CAFs in the attraction of Tregs towards the TME, thereby contributing
to a local immune-suppressive environment [47,52]. Interestingly, we observed increased
infiltration of Tregs in stroma-high tumors, one of few immune-compositional differences
between stroma-high and stroma-low tumors. Nevertheless, when we interrogated the TSR
to the recently developed MIRACLE score and the previously established TIDE prediction
score, we did not observe a discriminative capacity of the TSR in predicting ICI therapy
response [40,41]. Apart from its prognostic value in solid primary tumors, it is therefore
likely that stromal-content, on its own, is insufficient for predicting ICI therapy response.
The nearly identical distribution of total TIICs in stroma-high and stroma-low tumors
observed here led us to define a TME classification based on the combined assessment
of stromal content and immune cell infiltration. MIRACLE scores were higher in the
immune-high tumors in comparison to the immune-low tumors. The MIRACLE score
did not, however, discriminate between the SLIH and SHIH groups, suggesting that these
groups show comparable responsivity to ICI therapy. However, when we evaluated the
complementary TIDE prediction score, an algorithm that captures the immune evasion potential of the tumor, we noticed a decreased responsivity to ICI therapy in the stroma-high
subgroups versus the stroma-low subgroups in both the discovery and validation cohort.
This suggests that stromal content affects ICI therapy responsivity, and that combined assessment of stromal content and immune infiltration may provide for a superior biomarker
compared to either singular parameter. Of note, a particularly interesting observation
in the discovery cohort was an increased TIDE prediction score, surrogate for increased
immune evasion potential, in the SHIL tumors versus the SLIL tumors. This suggests that
stromal content is likely to be involved in distinct mechanisms of immune evasion. Insight
into these distinct immune evasion mechanisms may increase our understanding of the
determinants of tumor immunogenicity and should be the subject of future studies.
The results described here do not stand on their own. Classification of TME subtypes
has been proposed as a capable predictor of ICI therapy response [38,53]. Recently, a
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comprehensive analysis of gene expression profiles from >10,000 tumor samples across
20 primary tumor types identified four conserved pan-cancer TME subclasses based on
previously published stromal and immune gene signatures [53]. The TME subclasses were
found to be associated with response to immunotherapy. Notably, the immune-enriched,
non-fibrotic TME subclass, an equivalent to our SLIH stromal group, demonstrated the
highest responsivity to immunotherapy, a finding that supports the results described here.
In addition, the SLIH tumors in this study were associated with current biomarkers for ICI
therapy response prediction, namely MSI, TMB, and the CD8-to-Treg infiltration ratio. We
therefore postulate that SLIH tumors exhibit the highest responsivity to ICI therapy and
are likely to demonstrate the highest response rates of the four stromal categories.
In contrast to the transcriptomic classification by Bagaev et al., we defined a hybrid
TME classification of histologically quantified stromal content and transcriptome deconvoluted immune cell infiltration [53]. Ultimately, for feasible clinical application, we aim
to validate our findings and develop a standardized approach to stromal content and
immune cell infiltration, using histological quantification only. Recent reports by our group
found significant correlations between stromal gene expression and histological stromal
content [17,50]. Indeed, here we found comparable results between the histological-defined
discovery cohort and the transcriptomic-defined validation cohort. However, it remains
to be tested how transcriptomic-derived immune cell infiltration relates to standardized
histological TIIC quantification, which should be the subject of future studies.
There are some limitations to our study. The TME classification described here comprises a hybrid classification based on histologic and transcriptomic quantification data.
For clinical application, an inexpensive, easily applicable, and time-efficient tool, such
as a singular histological approach similar to the current TSR, is desirable. In addition,
the categorization into immune-high and immune-low groups was arbitrarily based on a
median cut-off of the total TIIC infiltration. For improved performance, an optimal cut-off
value should be investigated in future studies. Of note, pathway analyses had limited
interpretability due to overlap between immune-related gene sets and the CIBERSORTx
LM22 signature used to categorize tumors in this study. Therefore, we did not perform
comprehensive immune pathway analyses. Lastly, although a similar TME classification was recently validated in a pan-cancer cohort, due to the explorative nature of this
study, the TME classification requires further validation in ICI-therapy-treated colon cancer
cohorts [53].
The current work provides a compact overview of immune cell infiltration in histological stroma-high and stroma-low tumors. We report an increased infiltration of Tregs in
stroma-high tumors, and a lack of discriminative capacity of the TSR as a single parameter
in predicting the response to ICI therapy. Consequently, a newly defined TME classification
based on the combined assessment of stromal content and immune cell infiltration was associated with previously established biomarkers and improved the likelihood of predicting
ICI therapy response. We postulate that stroma-low/immune-high tumors demonstrate the
highest responsivity to ICI therapy. Although further validation is warranted, a combined
assessment of the TSR and tumor immune cell infiltration could potentially serve as an easyto-use predictor of ICI therapy response and guide the treatment decision-making process
accordingly. In addition, the biomarker described here could provide a stromal alternative
to conventional malignant-cell-oriented biomarkers for ICI therapy response prediction,
such as microsatellite status, TMB, and PD-L1 expression. Future studies should focus on
the clinical significance of the TME classification in immunotherapy-treated patient cohorts.
Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/cells10112935/s1, Figure S1: Flowchart of tumor–stroma ratio (TSR) scoring, Figure S2:
Checkpoint expression and the TSR, Figure S3: Checkpoint expression and the stromal categories,
Table S1: Immune cell phenotypes included in the CIBERSORTx LM22 signature, Table S2: Baseline
patient and tumor characteristics for the discovery and validation cohorts, Table S3: Baseline characteristics of the stroma-low and stroma-high populations, as scored by the TSR, Data S1: TCGA
COAD patient identifiers and novel computed scores.

Cells 2021, 10, 2935

16 of 18

Author Contributions: Conceptualization, C.J.R., R.A.E.M.T. and W.E.M.; Formal analysis, C.J.R.,
M.P. and S.C.; Funding acquisition, W.E.M.; Investigation, C.J.R. and M.P.; Methodology, C.J.R., J.R.
and H.P.; Supervision, R.A.E.M.T. and W.E.M.; Writing—original draft, C.J.R. and M.P.; Writing—
review & editing, J.R., S.C., H.P., H.G., R.A.E.M.T. and W.E.M. All authors have read and agreed to
the published version of the manuscript.
Funding: This study was financially supported by the Bollenstreekfonds, Lisse, The Netherlands.
Grant number: not applicable. The funders had no role in study design, data collection, and analysis,
the decision to publish, nor in the preparation of the manuscript.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Data Availability Statement: RNA-seq data used in this study is publicly available on The Cancer
Genome Atlas (TCGA) COAD project (https://portal.gdc.cancer.gov/, accessed on 1 June 2021).
Patient/sample identifiers used in this study are provided in the supplementary data. All novel
computed scores in this study are provided in the supplementary data. Any additional data are
available from the corresponding author upon reasonable request.
Acknowledgments: We would like to acknowledge the patients and institutions that have provided
data for the TCGA Research Network that greatly contributed to making this study possible. We also
thank Diana Roeplal for her contribution to TSR scoring.
Conflicts of Interest: The authors have declared no conflict of interest.

References
1.
2.
3.

4.
5.

6.

7.

8.
9.

10.

11.

12.

13.

Hui, L.; Chen, Y. Tumor microenvironment: Sanctuary of the devil. Cancer Lett. 2015, 368, 7–13. [CrossRef]
Hinshaw, D.C.; Shevde, L.A. The Tumor Microenvironment Innately Modulates Cancer Progression. Cancer Res. 2019, 79,
4557–4566. [CrossRef]
Mesker, W.E.; Junggeburt, J.M.C.; Szuhai, K.; de Heer, P.; Morreau, H.; Tanke, H.J.; Tollenaar, R.A.E.M. The Carcinoma–Stromal
Ratio of Colon Carcinoma Is an Independent Factor for Survival Compared to Lymph Node Status and Tumor Stage. Anal. Cell.
Pathol. 2007, 29, 387–398. [CrossRef]
Smit, M.A.; Philipsen, M.W.; Postmus, P.E.; Putter, H.; Tollenaar, R.A.; Cohen, D.; Mesker, W.E. The prognostic value of the
tumor-stroma ratio in squamous cell lung cancer, a cohort study. Cancer Treat. Res. Commun. 2020, 25, 100247. [CrossRef]
Vangangelt, K.M.; Tollenaar, L.S.; Van Pelt, G.W.; De Kruijf, E.M.; Dekker, T.; Kuppen, P.J.; Tollenaar, R.A.; Mesker, W.E. The
prognostic value of tumor-stroma ratio in tumor-positive axillary lymph nodes of breast cancer patients. Int. J. Cancer 2018, 143,
3194–3200. [CrossRef] [PubMed]
Zunder, S.M.; Perez-Lopez, R.; De Kok, B.M.; Raciti, M.V.; Van Pelt, G.W.; Dienstmann, R.; Garcia-Ruiz, A.; Meijer, C.A.;
Gelderblom, H.; Tollenaar, R.A.; et al. Correlation of the tumour-stroma ratio with diffusion weighted MRI in rectal cancer. Eur. J.
Radiol. 2020, 133, 109345. [CrossRef]
Zong, L.; Zhang, Q.; Kong, Y.; Yang, F.; Zhou, Y.; Yu, S.; Wu, M.; Chen, J.; Zhang, Y.; Xiang, Y. The tumor-stroma ratio is an
independent predictor of survival in patients with 2018 FIGO stage IIIC squamous cell carcinoma of the cervix following primary
radical surgery. Gynecol. Oncol. 2019, 156, 676–681. [CrossRef] [PubMed]
Li, H.; Yuan, S.L.; Han, Z.Z.; Huang, J.; Cui, L.; Jiang, C.Q.; Zhang, Y. Prognostic significance of the tumor-stroma ratio in
gallbladder cancer. Neoplasma 2017, 64, 588–593. [CrossRef]
Karpathiou, G.; Vieville, M.; Gavid, M.; Camy, F.; Dumollard, J.M.; Magné, N.; Froudarakis, M.; Prades, J.M.; Peoc’H, M.
Prognostic significance of tumor budding, tumor-stroma ratio, cell nests size, and stroma type in laryngeal and pharyngeal
squamous cell carcinomas. Head Neck 2019, 41, 1918–1927. [CrossRef] [PubMed]
Aurello, P.; Berardi, G.; Giulitti, D.; Palumbo, A.; Tierno, S.M.; Nigri, G.; D’Angelo, F.; Pilozzi, E.; Ramacciato, G. Tumor-Stroma
Ratio is an independent predictor for overall survival and disease free survival in gastric cancer patients. Surgeon 2017, 15,
329–335. [CrossRef]
Huijbers, A.; Tollenaar, R.A.E.M.; Pelt, G.W.V.; Zeestraten, E.C.M.; Dutton, S.; McConkey, C.C.; Domingo, E.; Smit, V.T.H.B.M.;
Midgley, R.; Warren, B.F.; et al. The proportion of tumor-stroma as a strong prognosticator for stage II and III colon cancer
patients: Validation in the VICTOR trial. Ann. Oncol. 2012, 24, 179–185. [CrossRef]
van Pelt, G.; Krol, J.; Lips, I.; Peters, F.; van Klaveren, D.; Boonstra, J.; de Steur, W.; Tollenaar, R.; Sarasqueta, A.F.; Mesker, W.; et al.
The value of tumor-stroma ratio as predictor of pathologic response after neoadjuvant chemoradiotherapy in esophageal cancer.
Clin. Transl. Radiat. Oncol. 2019, 20, 39–44. [CrossRef]
Hagenaars, S.C.; de Groot, S.; Cohen, D.; Dekker, T.J.A.; Charehbili, A.; Kranenbarg, E.M.; Carpentier, M.D.; Pijl, H.; Putter, H.;
Tollenaar, R.A.E.M.; et al. Tumor-stroma ratio is associated with Miller-Payne score and pathological response to neoadjuvant
chemotherapy in HER2 -negative early breast cancer. Int. J. Cancer 2021, 149, 1181–1188. [CrossRef] [PubMed]

Cells 2021, 10, 2935

14.

15.
16.
17.

18.

19.
20.
21.

22.

23.
24.
25.
26.

27.
28.
29.
30.
31.
32.
33.
34.

35.

36.

37.
38.
39.

17 of 18

Liang, Y.; Zhu, Y.; Lin, H.; Zhang, S.; Li, S.; Huang, Y.; Liu, C.; Qu, J.; Liang, C.; Zhao, K.; et al. The value of the tumour-stroma
ratio for predicting neoadjuvant chemoradiotherapy response in locally advanced rectal cancer: A case control study. BMC Cancer
2021, 21, 1–11. [CrossRef]
Welch, D.R.; Hurst, D.R. Defining the Hallmarks of Metastasis. Cancer Res. 2019, 79, 3011–3027. [CrossRef]
Chandler, C.; Liu, T.; Buckanovich, R.; Coffman, L.G. The double edge sword of fibrosis in cancer. Transl. Res. 2019, 209, 55–67.
[CrossRef] [PubMed]
Ravensbergen, C.J.; Kuruc, M.; Polack, M.; Crobach, S.; Putter, H.; Gelderblom, H.; Roy, D.; Tollenaar, R.A.E.M.; Mesker, W.E. A
Stromal-Epithelial gene signature ratio predicts colon cancer outcome and relates to the histologic tumour-stroma ratio. Br. J.
Cancer 2021, submitted.
Sandberg, T.P.; Stuart, M.P.M.E.; Oosting, J.; Tollenaar, R.A.E.M.; Sier, C.F.M.; Mesker, W.E. Increased expression of cancerassociated fibroblast markers at the invasive front and its association with tumor-stroma ratio in colorectal cancer. BMC Cancer
2019, 19, 1–9. [CrossRef]
Tao, L.; Huang, G.; Song, H.; Chen, Y.; Chen, L. Cancer associated fibroblasts: An essential role in the tumor microenvironment.
Oncol. Lett. 2017, 14, 2611–2620. [CrossRef]
Guo, S.; Deng, C.-X. Effect of Stromal Cells in Tumor Microenvironment on Metastasis Initiation. Int. J. Biol. Sci. 2018, 14,
2083–2093. [CrossRef]
Vangangelt, K.M.H.; Van Pelt, G.W.; Engels, C.C.; Putter, H.; Liefers, G.J.; Smit, V.T.H.B.M.; Tollenaar, R.A.E.M.; Kuppen, P.J.K.;
Mesker, W.E. Prognostic value of tumor-stroma ratio combined with the immune status of tumors in invasive breast carcinoma.
Breast Cancer Res. Treat. 2017, 168, 601–612. [CrossRef] [PubMed]
Gujam, F.J.A.; Edwards, J.; Mohammed, Z.M.A.; Going, J.; McMillan, D. The relationship between the tumour stroma percentage, clinicopathological characteristics and outcome in patients with operable ductal breast cancer. Br. J. Cancer 2014, 111,
157–165. [CrossRef]
Yang, Y. Cancer immunotherapy: Harnessing the immune system to battle cancer. J. Clin. Investig. 2015, 125, 3335–3337. [CrossRef]
Haslam, A.; Prasad, V. Estimation of the Percentage of US Patients with Cancer Who Are Eligible for and Respond to Checkpoint
Inhibitor Immunotherapy Drugs. JAMA Netw. Open 2019, 2, e192535. [CrossRef] [PubMed]
Gibney, G.T.; Weiner, L.M.; Atkins, M.B. Predictive biomarkers for checkpoint inhibitor-based immunotherapy. Lancet Oncol.
2016, 17, e542–e551. [CrossRef]
McGrail, D.; Pilié, P.; Rashid, N.; Voorwerk, L.; Slagter, M.; Kok, M.; Jonasch, E.; Khasraw, M.; Heimberger, A.; Lim, B.; et al. High
tumor mutation burden fails to predict immune checkpoint blockade response across all cancer types. Ann. Oncol. 2021, 32,
661–672. [CrossRef]
Pilard, C.; Ancion, M.; Delvenne, P.; Jerusalem, G.; Hubert, P.; Herfs, M. Cancer immunotherapy: It’s time to better predict
patients’ response. Br. J. Cancer 2021, 125, 927–938. [CrossRef]
Colaprico, A.; Silva, T.C.; Olsen, C.; Garofano, L.; Cava, C.; Garolini, D.; Sabedot, T.S.; Malta, T.; Pagnotta, S.M.; Castiglioni, I.; et al.
TCGAbiolinks: An R/Bioconductor package for integrative analysis of TCGA data. Nucleic Acids Res. 2015, 44, e71. [CrossRef]
Anders, S.; Pyl, P.T.; Huber, W. HTSeq-a Python framework to work with high-throughput sequencing data. Bioinformatics 2014,
31, 166–169. [CrossRef] [PubMed]
Vasaikar, S.; Huang, C.; Wang, X.; Petyuk, V.A.; Savage, S.R.; Wen, B.; Dou, Y.; Zhang, Y.; Shi, Z.; Arshad, O.A.; et al. Proteogenomic
Analysis of Human Colon Cancer Reveals New Therapeutic Opportunities. Cell 2019, 177, 1035–1049.e19. [CrossRef] [PubMed]
Steen, C.B.; Liu, C.L.; Alizadeh, A.A.; Newman, A.M. Profiling Cell Type Abundance and Expression in Bulk Tissues with
CIBERSORTx. Methods Mol. Biol. 2020, 2117, 135–157. [CrossRef] [PubMed]
Chen, B.; Khodadoust, M.S.; Liu, C.L.; Newman, A.M.; Alizadeh, A.A. Profiling Tumor Infiltrating Immune Cells with CIBERSORT.
Methods Mol. Biol. 2018, 1711, 243–259. [CrossRef] [PubMed]
Van Pelt, G.W.; Kjær-Frifeldt, S.; van Krieken, J.; Al Dieri, R.; Morreau, H.; Tollenaar, R.A.E.M.; Sørensen, F.B.; Mesker, W.E.
Scoring the tumor-stroma ratio in colon cancer: Procedure and recommendations. Virchows Arch. 2018, 473, 405–412. [CrossRef]
Smit, M.; Van Pelt, G.; Roodvoets, A.; Kranenbarg, E.M.-K.; Putter, H.; Tollenaar, R.; Van Krieken, J.H.; Mesker, W.; Aslam, M.S.;
Muddegowda, P. Uniform Noting for International Application of the Tumor-Stroma Ratio as an Easy Diagnostic Tool: Protocol
for a Multicenter Prospective Cohort Study. JMIR Res. Protoc. 2019, 8, e13464. [CrossRef]
A Smit, M.; van Pelt, G.W.; MC Dequeker, E.; Al Dieri, R.; Tollenaar, R.A.; van Krieken, J.H.J.; E Mesker, W.; UNITED Group.
e-Learning for Instruction and to Improve Reproducibility of Scoring Tumor-Stroma Ratio in Colon Carcinoma: Performance and
Reproducibility Assessment in the UNITED Study. JMIR Form. Res. 2021, 5, e19408. [CrossRef]
Yoshihara, K.; Shahmoradgoli, M.; Martínez, E.; Vegesna, R.; Kim, H.; Torres-Garcia, W.; Trevino, V.; Shen, H.; Laird, P.W.; Levine,
D.A.; et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat. Commun. 2013, 4,
2612. [CrossRef]
Network, T.C.G.A. Comprehensive molecular characterization of human colon and rectal cancer. Nature 2012, 487, 330–337. [CrossRef]
Thorsson, V.; Gibbs, D.; Brown, S.; Wolf, D.; Bortone, D.S.; Yang, T.-H.O.; Porta-Pardo, E.; Gao, G.; Plaisier, C.L.; Eddy, J.A.; et al.
Erratum: The Immune Landscape of Cancer. Immunity 2018, 48, 812–830.e14. [CrossRef] [PubMed]
Marcus, L.; Fashoyin-Aje, L.A.; Donoghue, M.; Yuan, M.; Rodriguez, L.; Gallagher, P.S.; Philip, R.; Ghosh, S.; Theoret, M.R.;
Beaver, J.A.; et al. FDA Approval Summary: Pembrolizumab for the Treatment of Tumor Mutational Burden–High Solid Tumors.
Clin. Cancer Res. 2021, 27, 4685–4689. [CrossRef] [PubMed]

Cells 2021, 10, 2935

40.

41.
42.
43.
44.
45.
46.
47.

48.

49.

50.

51.

52.

53.

18 of 18

Turan, T.; Kongpachith, S.; Halliwill, K.; Roelands, J.; Hendrickx, W.; Marincola, F.M.; Hudson, T.J.; Jacob, H.J.; Bedognetti, D.;
Samayoa, J.; et al. A balance score between immune stimulatory and suppressive microenvironments identifies mediators of
tumour immunity and predicts pan-cancer survival. Br. J. Cancer 2020, 124, 760–769. [CrossRef]
Jiang, P.; Gu, S.; Pan, D.; Fu, J.; Sahu, A.; Hu, X.; Li, Z.; Traugh, N.; Bu, X.; Li, B.; et al. Signatures of T cell dysfunction and
exclusion predict cancer immunotherapy response. Nat. Med. 2018, 24, 1550–1558. [CrossRef]
Barbie, D.A.; Tamayo, P.; Boehm, J.; Kim, S.Y.; Moody, S.E.; Dunn, I.F.; Schinzel, A.C.; Sandy, P.; Meylan, E.; Scholl, C.; et al.
Systematic RNA interference reveals that oncogenic KRAS-driven cancers require TBK1. Nature 2009, 462, 108–112. [CrossRef]
Liberzon, A.; Birger, C.; Thorvaldsdottir, H.; Ghandi, M.; Mesirov, J.P.; Tamayo, P. The Molecular Signatures Database (MSigDB)
hallmark gene set collection. Cell Syst. 2015, 1, 417–425. [CrossRef] [PubMed]
Ohue, Y.; Nishikawa, H. Regulatory T (Treg) cells in cancer: Can Treg cells be a new therapeutic target? Cancer Sci. 2019, 110,
2080–2089. [CrossRef] [PubMed]
Blank, C.U.; Haining, W.N.; Held, W.; Hogan, P.G.; Kallies, A.; Lugli, E.; Lynn, R.C.; Philip, M.; Rao, A.; Restifo, N.P.; et al.
Defining ‘T cell exhaustion’. Nat. Rev. Immunol. 2019, 19, 665–674. [CrossRef]
Thommen, D.S.; Schumacher, T. T Cell Dysfunction in Cancer. Cancer Cell 2018, 33, 547–562. [CrossRef]
Costa, A.; Kieffer, Y.; Scholer-Dahirel, A.; Pelon, F.; Bourachot, B.; Cardon, M.; Sirven, P.; Magagna, I.; Fuhrmann, L.; Bernard, C.;
et al. Fibroblast Heterogeneity and Immunosuppressive Environment in Human Breast Cancer. Cancer Cell 2018, 33, 463–479.e10.
[CrossRef] [PubMed]
Chen, W.; Jin, W.; Hardegen, N.; Lei, K.J.; Li, L.; Marinos, N.; McGready, G.; Wahl, S.M. Conversion of peripheral CD4+CD25naive T cells to CD4+CD25+ regulatory T cells by TGF-beta induction of transcription factor Foxp3. J. Exp. Med. 2003, 198,
1875–1886. [CrossRef]
Kim, H.; Kwon, H.J.; Han, Y.B.; Park, S.Y.; Kim, E.S.; Kim, S.H.; Kim, Y.J.; Lee, J.S.; Chung, J.-H. Increased CD3+ T cells with a low
FOXP3+/CD8+ T cell ratio can predict anti-PD-1 therapeutic response in non-small cell lung cancer patients. Mod. Pathol. 2018,
32, 367–375. [CrossRef]
Sandberg, T.P.; Oosting, J.; Van Pelt, G.W.; Mesker, W.E.; Tollenaar, R.A.E.M.; Morreau, H. Erratum: Molecular profiling of
colorectal tumors stratified by the histological tumor-stroma ratio—Increased expression of galectin-1 in tumors with high stromal
content. Oncotarget 2018, 9, 31502–31515. [CrossRef]
Chalabi, M.; Fanchi, L.F.; Dijkstra, K.K.; Berg, J.G.V.D.; Aalbers, A.G.; Sikorska, K.; Lopez-Yurda, M.; Grootscholten, C.; Beets, G.L.;
Snaebjornsson, P.; et al. Neoadjuvant immunotherapy leads to pathological responses in MMR-proficient and MMR-deficient
early-stage colon cancers. Nat. Med. 2020, 26, 566–576. [CrossRef] [PubMed]
Kieffer, Y.; Hocine, H.R.; Gentric, G.; Pelon, F.; Bernard, C.; Bourachot, B.; Lameiras, S.; Albergante, L.; Bonneau, C.; Guyard, A.;
et al. Single-Cell Analysis Reveals Fibroblast Clusters Linked to Immunotherapy Resistance in Cancer. Cancer Discov. 2020, 10,
1330–1351. [CrossRef] [PubMed]
Bagaev, A.; Kotlov, N.; Nomie, K.; Svekolkin, V.; Gafurov, A.; Isaeva, O.; Osokin, N.; Kozlov, I.; Frenkel, F.; Gancharova, O.;
et al. Conserved pan-cancer microenvironment subtypes predict response to immunotherapy. Cancer Cell 2021, 39, 845–865.e7.
[CrossRef] [PubMed]

