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Statement of translational relevance: We have established a machine learning-based 

analytic method for quantifying intraepithelial tumor-infiltrating lymphocytes (iTILs), 

stromal TIL (sTILs), and the tumor-stroma ratio (TSR) from whole-slide images obtained 

after CD3 and CD8 immunohistochemical staining. The quantitative parameters for tumor-

immune microenvironment (TIME) that were determined using our method can classify 

colorectal cancers (CRCs) into five subgroups with distinctive biological features and 

prognostic behaviors, reminiscent of those for the consensus molecular subtypes. The 

clinicopathologic and prognostic behavior of the subgroups was reproduced in an 

independent validation cohort, which justifies the use of this novel tumor classification 

system, which was based on the in silico analysis of histopathological images. We made the 

method publicly available to enable the method to be easily applicable to other cohorts of 

CRCs or other tumors, for obtaining quantitative information regarding TIME, that could aid 

in clinical decision making and scientific discovery. 
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Abstract 

Background & Aims: Despite the well-known prognostic value of the tumor-immune 

microenvironment (TIME) in colorectal cancers (CRCs), objective and readily applicable 

methods for quantifying tumor-infiltrating lymphocytes (TILs) and the tumor-stroma ratio 

(TSR) are not yet available.  

Methods: We established an open-source software-based analytic pipeline for quantifying 

TILs and the TSR from whole-slide images obtained after CD3 and CD8 

immunohistochemical staining. Using a random forest classifier, the method separately 

quantified intraepithelial TILs (iTILs) and stromal TILs (sTILs). We applied this method to 

discovery and validation cohorts of 578 and 283 stage III or high-risk stage II CRCs patients, 

respectively, who were subjected to curative surgical resection and oxlaliplatin-based 

adjuvant therapy.  

Results: Automatic quantification of iTILs and sTILs showed a moderate concordance with 

that obtained after visual inspection by a pathologist. The K-means-based consensus 

clustering of 197 TIME parameters that showed robustness against inter-observer variations 

caused CRCs to be grouped into five distinctive subgroups, reminiscent of those for 

consensus molecular subtypes (CMS1-4 and mixed/intermediate group). In accordance with 

the original CMS report, the CMS4-like subgroup (cluster 4) was significantly associated 

with a worse 5-year relapse-free survival and proved to be an independent prognostic factor. 

The clinicopathologic and prognostic features of the TIME subgroups have been validated in 

an independent validation cohort.  

Conclusion: Machine-learning-based image analysis can be useful for extracting quantitative 

information about the TIME, using whole-slide histopathological images. This information 

can classify CRCs into clinicopathologically relevant subgroups without performing a 
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molecular analysis of the tumors.   
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Introduction 

 

Despite the remarkable improvement in the diagnosis and treatment of colorectal cancer 

(CRC), it remains a major health burden worldwide. In 2012, it was the third-most and 

second-most common cancer in men and women, respectively, and resulted in almost 

700,000 deaths (1). The TNM staging system is considered as the global standard for 

determining the prognosis and best treatment approach for a variety of cancers, and is widely 

used by clinicians and researchers (2). In the case of CRC patients, however, it has often been 

observed that the prognostic stratification of stage II and III patients was poorly performed, 

even with the use of the latest TNM system (3). This unmet need for patient stratification 

probably explains the fact that a diagnosis of CRC alone is the leading cause of cancer-related 

deaths in CRC patients, even though the majority of the patients are diagnosed at operable 

stages, with an estimated 5-year survival rate exceeding 60% (4-6).  

To understand the basis of heterogeneous clinical behavior, several CRC subtyping 

algorithms that are based on gene expression data have been proposed (7-12); these models 

have been unified in the consensus molecular subtypes (13). Though these methods have 

greatly improved our knowledge regarding CRCs, and recent studies have enumerated upon 

the potential of subgroup-specific rational treatment strategies (14), the necessity for 

transcriptome analysis, using methods such as expression microarray or RNA sequencing,  

prevents their active utilization in clinical practice.  

The role of the tumor-immune microenvironment (TIME) in the progression and 

dissemination of cancer has been postulated since the 19
th 

century (15,16). Two notable 

constituents of the TIME are tumor-infiltrating lymphocytes (TILs) and the stroma; their 

prognostic roles have been thoroughly investigated in patients with various neoplasms 

(17,18). Using histopathological images, we can easily determine the number of TILs and the 
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tumor-stroma ratio (TSR), the percentage of stroma within a specified tumor area. Hence, 

pathologists have devised a number of methods to quantify the degree of lymphocytic 

infiltration and desmoplasia to assess their prognostic influence and elucidate their 

mechanistic basis (19-24). However, most of these methods are based on visual estimation; 

therefore, they lacked objectivity and broad applicability. Some studies have addressed these 

issues by using computational image analysis, which is limited by the inability to analyze 

whole-slide images (25) or a requirement for commercial software (26).  

In this study, we established an analytic pipeline for quantifying TILs and the TSR from 

whole-slide images obtained after CD3 and CD8 immunohistochemical staining. Using 

machine learning techniques, the method discriminates between the tumor and stroma and 

separately quantifies intraepithelial TILs (iTILs) and stromal TILs (sTILs). We applied the 

method to two independent cohorts of patients with stage III or high-risk stage II CRCs, 

subjected to curative surgical resection and oxaliplatin-based adjuvant chemotherapy, in order 

to reveal the unprecedented quantitative landscape of the TIME and elucidate its 

clinicopathologic significance.  

 

Materials and Methods 

 

Patients and samples 

To construct machine learning classifiers that could discriminate between a tumor, stroma, 

and true lymphocytes, 130 CRC tumors resected from September 2015 to December 2015 at 

Seoul National University (SNUH) were selected and included in a training set. The selection 

process was performed in a consecutive manner; we only excluded CRC tumors from patients 
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that had underwent neoadjuvant chemoradiation therapy, because the number of cells in the 

tumors were often too low, to enable their inclusion in a training set. We performed the CD3 

and CD8 immunohistochemistry staining of tumors, and obtained 260 virtual slides. The 

clinical information of the patients was not retrieved, because it was not needed to construct 

the classifiers.   

In order to evaluate the accuracy of the TIL quantification process, manual counts of iTILs 

and sTILs were obtained from a tissue microarray (TMA). The TMA was constructed from 

98 synchronous CRC tumors obtained from 46 patients who underwent surgery at SNUH 

between January 2007 and December 2010, and who have been described in detail 

elsewhere(27). Similarly, the clinical information of these patients was not utilized.  

The discovery and validation cohorts, for which image-based tumor subtyping was 

performed, consisted of stage III or high-risk stage II CRC patients who had underwent 

curative surgery and received oxaliplatin-based adjuvant chemotherapy; these patients were 

described in detail previously (28). Among the 655 patients treated at SNUH between April 

2005 and December 2012, 590 patients from whom tissues encased sufficiently in FFPE 

blocks were obtained for immunohistochemistry analysis were included in the study in the 

discovery cohort. Similarly, 293 out of 333 patients treated at Seoul National University 

Bundang Hospital (SNUBH) between January 2007 and December 2012 were included in the 

validation cohort. Clinical information regarding patients and histologic details of their 

tumors were retrieved from electronic medical records.  

This study was approved by the Institutional Review Board (IRB) of both SNUH (1811-061-

983) and SNUBH (B-1611/369-304) which waived the requirement to obtain informed 

consent, and was carried out in accordance with the recommendations of the Declaration of 

Helsinki for biomedical research involving human subjects.  
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Immunohistochemistry 

For each case, a representative tumor section was selected, and immunohistochemistry was 

performed using antibodies against CD3 (1:300; DAKO, Glostrup, Denmark) and CD8 (SP57; 

ready-to-use; Ventana Medical Systems, Tucson, AZ, USA). All staining procedures were 

conducted using a Ventana BenchMark XT system according to the manufacturer’s protocol. 

Slides were subsequently scanned by an Aperio AT2 slide scanner (Sausalito, CA, USA) at 

20× magnification with a resolution of 0.5 μm per pixel. Immunohistochemistry analysis was 

performed on another 2-mm-core TMA consisting of 560 samples from the discovery cohort 

and 280 samples from the validation cohort, as described previously, to detect KRT7, KRT20, 

and CDX2 (28).  

 

Construction of machine learning classifiers for identifying the tumor, stroma, and 

lymphocytes  

Using QuPath (29), the open-source software for analyzing digital pathology images, two 

types of objects were identified from virtual slides: superpixels (a group of pixels that share 

common characteristics) and putative lymphocytes (cells with a mean 3,3'-diaminobenzidine 

(DAB) intensity greater than 0.4 at the nuclear compartment). Their quantitative features 

related to shape, intensity, and texture were subsequently computed, and exported to R 

(www.r-project.org) along with manually assigned labels. Using the Caret package in R (30), 

70% of the objects were randomly selected, and their quantitative features were used to 

construct classifiers. The performance of the classifiers was evaluated using the remaining 30% 

of the objects.  

http://www.r-project.org/
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To identify tumor and stroma, we reviewed 260 virtual slides of the training set and 

selected 42 images representative of their varying staining quality and histomorphology. 

Areas from the images were labeled as “tumor” or “stroma”, and segmented into 19,797 

superpixels, and 231 quantitative features, such as the Haralick texture features were 

computed, to construct the classifier.  

To identify true lymphocytes from the artifacts generated by the nonspecific staining of 

DAB, we selected 20 representative images and identified 11,620 putative lymphocytes, and 

labeled them as “positive” or “negative” for true lymphocytes. Besides the 124 basic features 

related to the shape and intensity of each putative lymphocyte, we computed a new metric, 

normalized DAB intensity, by subtracting the mean cytoplasmic DAB intensity from nuclear 

DAB intensity, for more effectively identifying true lymphocytes in the dusky background. 

As a result, 125 features were used to construct the classifier for each putative lymphocyte. 

 

Whole-slide quantification of tumor, stroma, and lymphocytes 

The detailed protocol of the analytic pipeline is available at 

http://dx.doi.org/10.17504/protocols.io.yqvfvw6. Given virtual slides of CD3 and CD8 

immunohistochemical staining for each patient, the pipeline quantifies CD3(iTIL), 

CD3(sTIL), CD8(iTIL), CD8(sTIL) and TSR. As shown in Supplementary Figure 1A, there 

were two different ways to compute the value of each parameter in an entire image. It was 

also possible to evaluate the values separately at the invasive margin (IM) and central tumor 

(CT).  The lymphocyte counts per mm
2
 were computed as well, as the values at the IM and 

CT were needed to compute the Immunoscore (31). Because the relative increase in the ratios 

of iTILs to sTILs and CD8-positive lymphocytes to CD3-positive lymphocytes might have 

prognostic significance, we introduced the following for parameters as measures of effective 

http://dx.doi.org/10.17504/protocols.io.yqvfvw6
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immunity.  

1) CD3(i/s) = CD3(iTIL)/CD3(sTIL) 

2) CD8(i/s) = CD8(iTIL)/CD8(sTIL) 

3) CD8/CD3(iTIL) = CD8(iTIL)/CD3(iTIL)  

4) CD8/CD3(sTIL) = CD8(sTIL)/CD3(sTIL) 

Finally, we assumed that the variations among tiles could serve as a marker of intratumoral 

heterogeneity, and introduced the following two parameters as dimensionless measures of 

dispersion to assess the degree of heterogeneity among images: 

1) Coefficient of variation (CoV) = 
𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛

𝑚𝑒𝑎𝑛
 

2) Quartile coefficient of dispersion (QD)= 
𝑄3−𝑄1

𝑄3+𝑄1
 

Here, Q3 and Q1 correspond to the third and first quartiles, respectively.  

Consequently, the CD3(iTIL), CD3(sTIL), CD3(i/s), CD8(iTIL), CD8(sTIL), CD8(i/s), 

and TSR metrics were expressed in terms of overall measures, four summary measures (mean, 

minimum, median, and maximum), and two heterogeneity measures (CoV and QD). 

Depending on the method for determining the TIL density, four (mean, minimum, median, 

and maximum) types of CD8/CD3 ratio values were computed each at the IM and CT. 

Similarly, five (four summary measures and the overall measure) types of values were 

derived for the entire tumor area. As a result, for each patient a total of 207 different TIME 

parameters could be derived (Supplementary Figure 1B).  

 

Validation of discrimination between iTILs and sTILs 
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Using an Olympus BX51 microscope, two pathologists independently examined the entire 

field of each core, chose one high-power filed (400×) that was considered to be the most 

representative of the core, and counted TILs using a manual tally counter. Since BX51 has a 

field diameter of 0.55 mm at 400× magnification, manually counted values corresponded to 

the number of TILs in π (
0.55

2
)

2
 ㎟. Owing to tissue shearing or hindrance artifacts, 

automatic quantification was not performed on the same area for all cores. Let X represent a 

manual count of one representative high-powered field for a core and Y represent an 

automatic count over the area of A. For direct comparison between manual and automatic 

counts, we computed the one high-powered field-equivalent of an automatic count (YHPF) as 

follows:  

A:Y = π (
0.55

2
)

2
:YHPF 

YHPF = Y ×
𝜋

𝐴
(

0.55

2
)

2
 

Subsequently, the linearity between X and YHPF was evaluated for CD3(iTILs), 

CD3(sTILs), CD8(iTILs), and CD8(sTILs).  

 

Identification of tumor subtypes based on TIME parameters  

 K-means-based consensus clustering was performed for the 197 normalized parameters of 

578 CRC patients in the discovery cohort, using the R/Bioconductor ConsensusClusterPlus 

package (32). Using the 197 normalized TIME parameters as input and assigned subgroups 

(cluster 1-5) as answers, the support vector machine classifier with Gaussian kernel was 

constructed using the scikit-learn library of Python. Parameter tuning was done by Bayesian 

optimization as follows: log10(C)=3.806723594 and log10(gamma)=-5.402586122. Eighty 
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percent of the TIME parameters-answer pairs were used for training and receiver operating 

characteristic (ROC) curve were obtained using the remaining 20%.  

 

Molecular analysis 

Another representative tumor section was examined in each of the patients, and areas with 

tumor and normal tissues were marked for DNA extraction. The microsatellite status (n=569 

for the discovery cohort and n=274 for the validation cohort) was determined via polymerase 

chain reaction (PCR), using five markers (D2S123, D5S346, D17S250, BAT25, and BAT26) 

that were standardized by the National Cancer Institute (33). A tumor was considered to 

exhibit microsatellite instability (MSI) when instability was observed for more than two 

markers. The status of the CpG island methylator phenotype (CIMP) was evaluated by the 

MethyLight assay, using eight markers (CACNA1G, CDKN2A (p16), CRABP1, IGF2, MLH1, 

NEUROG1, RUNX3, and SOCS1), as described previously (n=576 for the discovery cohort 

and n=281 for the validation cohort) (34). Tumors were classified as CIMP-negative, CIMP-

P1, or CIMP-P2 tumors when ≤4, 5-6, and ≥7 markers were methylated, respectively, as 

described previously (28). In the discovery cohort, targeted next-generation sequencing (NGS) 

of 40 genes associated with critical pathways of CRC was performed as described previously 

(n=418) (35). In the validation cohort, the direct sequencing of the KRAS exon 2 was 

performed to classify tumors as KRAS-mutant or wild type (n=281), and BRAF mutations at 

codon 600 (V600E) were analyzed by real-time PCR-based allelic discrimination (n=281).  

 

Statistical analysis 

Kaplan-Meier analysis was performed, along with the log-rank test, and multivariate Cox 
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regression analysis using SAS 9.4 (Cary, NC, USA). All other statistical analyses were 

performed in R. The mean of CD3-positive and CD8-positive lymphocyte counts per mm
2
 at 

the IM and CT were categorized using the X-Tile software (36). Categorical variables were 

compared using χ
2
-tests or Fisher's exact tests, as appropriate. For performing multiple 

comparisons, P-values were adjusted using the Benjamini-Hochberg method. Relapse-free 

survival (RFS) was calculated using log-rank test with Kaplan–Meier curves. Hazard ratios 

were calculated using the Cox proportional hazard model. All statistical tests were two-sided, 

and statistical significance was defined as P<0.05.  

 

Results 

 

Quantitative evaluation of TILs and TSR in whole-slide immunohistochemical images 

A pipeline for quantitative analysis of whole-slide images based on open-source software 

for the assessment of TILs and TSR was established (Figure 1A). Using QuPath, a virtual 

slide was viewed, and the tumor area was manually annotated. The area was segmented into 1 

mm × 1 mm tiles, and the user selected tiles constituting the IM; unselected tiles were 

considered the central tumor (CT), as recommended by the consensus statement on assessing 

TILs (20). For each tile, true lymphocytes were discriminated from artifacts such as speckles 

and nonspecific membranous staining. True lymphocytes were saved, temporarily removed 

from an image, and the image was segmented into superpixels, which were subsequently 

classified into tumor or stroma. Once the saved lymphocytes were loaded back into the image, 

they could be classified as iTILs or sTILs depending upon their location within the “tumor” 

or “stroma” superpixels, respectively(37). 
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The random forest method, a robust machine learning algorithm for classification(38), was 

used to construct classifiers to correctly identify lymphocytes, tumor, and stroma from 

immunohistochemical images stained by DAB and counterstained by hematoxylin. 

Classifiers with areas under the receiver operating characteristic curve exceeding 0.95 were 

obtained (Supplementary Figure 2A–B).  

In order to evaluate the concordance between the image analysis-based assessment and 

visual inspection by a pathologist, 98 TMA cores were put into the pipeline and the computed 

TIL counts were compared to the manual counts of iTILs and sTILs in the most 

representative high-powered field of each core. Intraclass correlation coefficient (ICC), a 

widely used reliability index in inter-rater reliability analyses (39), was determined, to assess 

the degree of concordance. A moderate level of concordance (ICC 0.5-0.75) was observed 

between manual and automatic counts (Figure 1B-C), although the degree of concordance 

was somewhat inferior to that between the manual assessments of two pathologists 

(Supplementary Figure 2C-D).  

 

Identification of robust TIME parameters  

Slides showing the results of CD3 and CD8 immunohistochemical staining for 590 CRC 

patients who underwent curative surgical resection and oxaliplatin-based adjuvant 

chemotherapy (the discovery cohort) were input into the analytic pipeline. During tumor area 

annotation, 12 patients were excluded because of the extremely small size of tumor areas 

(n=3), inability to define the invasive margin (n=5), completely obscured tumor area of either 

CD3 or CD8 (n=3), or loss of carcinomatous portion in the adenomatous background (n=1). 

Consequently, 207 TIME parameters were computed from 578 patients (Supplementary 

Figure 3A). Overall, the mean and median values were highly intercorrelated while the 
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maximum and minimum values were only modestly correlated with each other 

(Supplementary Figure 3B). Measurements at the IM, CT, and the entire tumor area also 

showed significant correlation, while TSR and TIL parameters were almost irrelevant with 

regard to each other (Supplementary Figure 3C). Slides showing stained CD3 and CD8 for 

293 CRC patients in the validation cohort were subsequently analyzed in an analogous 

manner. After excluding 10 patients exhibiting loss of invasive carcinoma (n=8) or an 

inability to define the IM (n=2), 283 patients were included in the study. 

To confirm whether the 207 parameters were robust with regard to variations that may 

arise during immunohistochemistry analysis, scanning, and tumor area annotation, we 

selected 30 patients out of the discovery cohort and generated four different sets of virtual 

slides, by re-scanning the original glass slides and re-staining of CD3 and CD8 two times. 

For each parameter, the ICC obtained from the original virtual slides and two sets of re-

scanning replicates were computed, to assess the concordance among data generated by re-

scanning and re-annotating the tumor area. As a result, 197 out of the 207 parameters (95.1%) 

were proven to have acceptable levels of reliability (ICC>0.75) (Supplementary Figure 4A). 

Because re-scanning does not significantly alter the quality of images, it was suggested that 

most of the TIME parameters were robust to variations associated with tumor area 

annotations.  

On the other hand, re-staining posed a significant challenge to the robustness of the image-

based quantitative analysis; only 75 out of the 207 parameters (36.2%) showed ICC obtained 

from the original slides and two re-staining replicates over 0.75. This was partly because the 

recutting of FFPE blocks for re-staining changed the shape of tumors, but we discovered that 

slides with different staining quality were produced as immunohistochemistry was repeated 

(Supplementary Figure 4B). We hypothesized that the normalization of TIME parameters in 
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each batch would alleviate the discrepancy and computed ICC of normalized parameters. 

ICCs of 60 more parameters increased to > 0.75, as expected; thus, most (65.2%) of the 

parameters were observed to be robust to variations introduced because of different staining 

conditions. The principal component analysis of the discovery and validation cohort further 

demonstrated that the normalization of each group alleviates the batch effect, making both 

groups homogeneous and comparable (Supplementary Figure 4C).  

 

TIME landscape of CRCs revealed five distinctive subgroups reminiscent of consensus 

molecular subtypes  

To identify the inherent patterns of TIME parameters in the discovery cohort, we decided 

to focus on 197 parameters that exhibited robustness to inter-observer variation and 

performed K-means based consensus clustering (Supplementary Figure 5A). The cumulative 

distribution function (Supplementary Figure 5B) and proportion of ambiguous clustering (40) 

(Supplementary Figure 5C) were analyzed to determine the optimal number of clusters. We 

observed that 578 CRCs in the discovery cohort could be stably classified into five distinctive 

subtypes (Figure 2A).  

Strikingly, the clinicopathological and molecular features of the subgroups showed a 

resemblance to those of the consensus molecular subtypes (CMS1-4 and mixed/indeterminate 

group) (Table 1)(13). The first subgroup (cluster 1), characterized by the highest TIL density, 

was enriched by MSI-H/CIMP-H tumors exhibiting MLH1 promoter methylation, which was 

reminiscent of that of CMS1 (MSI immune) (adjusted P-values < 0.05 against cluster 2, 4 and 

5). Poor differentiation, a well-documented feature of CIMP-H/MSI-H tumors with high TIL 

density, was demonstrated by histomorphologic evaluation and immunohistochemical loss of 

intestinal markers (KRT20 and CDX2). In accordance with the CMS1 tumors in the Cancer 
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Genome Atlas (TCGA) database (41), somatic mutation of the genes involved in the TGF-β 

and PI3K pathways were more frequent in this subgroup than others (Supplementary Table 1). 

Further supporting its CMS1-like nature, tumors in this subgroup tended to be BRAF-mutated 

and located in the proximal colon.  

On the other hand, the second subgroup (cluster 2), characterized by the lower TSR and 

higher intratumoral variation of TSR than other clusters, was significantly more well-

differentiated than other clusters (adjusted P-value < 0.05 against cluster 1, 3 and 4) with 

retained expression of intestinal markers. Tumors in this subgroup tended to be prevalent in 

the non-proximal colorectum of male patients. These features collectively suggested the 

typical nature of this subgroup, which was reminiscent of that of CMS2 (canonical).  

The third subgroup (cluster 3), characterized by the highest CD8/CD3 ratio, showed 

prominent levels of mucin production. Although the subgroup was enriched with poorly 

differentiated tumors that were comparable to those of the CMS1-like subgroup (adjusted P-

value > 0.05), the expression levels of intestinal markers were maintained. Even though the 

MSI and CIMP status of the subgroup was also comparable to that of the CMS1-like 

subgroup (adjusted P-value > 0.05), 68.6% of the tumors in this group had a low 

Immunoscore (0-2), while all of the tumors in cluster 1 had a high Immunoscore (3-4).  

The fourth subgroup (cluster 4), characterized by the lowest TIL density and highest TSR, 

was significantly enriched with tumors with a higher pT stage that were involved in frequent 

perineural invasion; it was reminiscent of that of CMS4 (mesenchymal).  

The fifth subgroup (cluster 5) showed intermediate TIME characteristics and 

clinicopathologic features, reminiscent of tumors with mixed/intermediate features, as 

described originally for the consensus molecular subtype. Although all the tumors in this 

group had a high Immunoscore, the tumors exhibited less MSI and CIMP-H than tumors in 
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cluster 3. At the same time, it was as well-differentiated as cluster 2 (adjusted P-value > 0.05).  

To determine whether the clinicopathologic and molecular features of TIME-based 

subtypes are reproduced in an independent population, we trained a support vector machine 

to predict the subtype of a CRC patients using 197 normalized TIME parameters, and applied 

the classifier to 283 CRC patients in the validation cohort (Supplementary Figure 5D). Not 

only were the TIME features of the predicted subtypes reproduced (Figure 2B), but the CMS-

likeness of each subgroup also became even clearer (Table 2). Notably, the third subgroup in 

the validation cohort showed a marked enrichment of KRAS mutations with adjusted P-values 

against all the other subgroups less than 0.01, as observed with CMS3 (metabolic). Although 

such a trend was not observed in the discovery cohort, the third group in the discovery cohort 

showed an intermediate degree of MSI-H and CIMP-H, which was another originally 

reported feature of CMS3. From these observations, we concluded that the third subgroup 

had features that were observed for CMS3.  

 

Differential prognostic implications of five TIME clusters 

To further demonstrate the significance of the TIME-based subgrouping of CRCs, we 

performed Kaplan-Meier survival analysis. In accordance with the results obtained using the 

original consensus molecular clusters (13), cluster 4 (CMS4-like) in the discovery cohort 

showed a significantly worse 5-year relapse free survival (Figure 3A) than other clusters. 

Clusters 1 and 5 tended to show a favorable prognosis, and clusters 2 and 3 were observed to 

lie between cluster 1/5 and cluster 4. An identical trend was observed for the validation 

cohort, although we failed to reach the statistical significance after correction for multiple 

comparison (Figure 3B).  
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To further demonstrate the value of the TIME subgroups as an independent prognostic 

factor, we performed multivariate Cox proportional hazard analysis in the discovery and 

validation cohorts (Table 3). After adjusting for pT stage, pN stage, and differentiation, the 

poor prognosis of cluster 4 proved to be statistically significant in both cohorts.  

 

Discussion 

To the best of our knowledge, this is the first study to establish a publicly available 

computer-based method for the quantitative evaluation of TIME from whole-slide 

histopathological images and to validate its prognostic significance in two independent 

cohorts. After the pioneering work of Saltz et al., (42) this is the second study to present a 

method for tumor subtyping, based on the analysis of histopathological images. While the 

previous study utilized the hematoxylin and eosin (H&E)-stained images of 13 cancer types 

from TCGA database, we used images of immunohistochemical staining obtained from two 

defined cohorts of CRCs.  

For a computer program to discriminate intraepithelial and stromal TILs from 

histopathological images, it not only has to identify lymphocytes correctly, but it also needs 

to specify whether the lymphocytes are located in the tumor or stroma. We solved this 

problem by segmenting the image into superpixels and applying a machine learning method 

to classify the superpixels into tumor or stroma. The classification was based on 231 features 

related to the texture and intensity of each superpixel. Despite the considerable accuracy of 

our method, there were several limitations to this approach. First, a histopathological image 

has elements other than tumor and stroma. We tried to avoid areas containing necrotic debris, 

artifactual shedding, and speckles while annotating the region of interest, but it was 

impossible to exclude such objects completely.  
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Second, the morphometric features of an object, especially when related to color, are prone 

to varying staining conditions. Because our tumor-stroma classifier tended to classify deeply 

blue objects as tumors, brightly stained images showed more superpixels that were falsely 

classified as stroma. When an identical FFPE block was stained brightly in one batch and 

darkly stained in another batch, the TSR was observed to be lower than that of the latter. 

Inter-batch variability of immunohistochemical staining has been recognized as a major 

obstacle of image analysis (43). Although we tried to mitigate the problem by means of intra-

batch normalization, we admit that the solution is not guaranteed perfect. In fact, 

sophisticated data manipulation might not be the ultimate solution; the importance of uniform 

staining quality in the quantitative assessment of immunohistochemical stains has been 

emphasized previously(26), and it has been noted that the quality of immunohistochemistry 

can be significantly affected by numerous preanalytical variables such as tissue fixation time 

and conditions of slide drying and storage(44). Significant batch effect we observed in a 

single laboratory suggests that the effect of preanalytical variables could be so enormous that 

they need to be controlled to guarantee uniform staining quality. Concerted efforts would be 

eventually needed to establish an analytic pipeline encompassing tissue processing, fixation, 

immunohistochemistry, scanning and data processing to produce data that can be reliably 

utilized in clinical practice.  

 Last but not the least, the recognition of a certain element of an image as tumor or stroma 

does not solely depend on the features of the element per se. It is true that most malignant 

neoplasms have distinctive cytologic features, such as altered chromatin patterns, enlarged 

nuclei, and prominent nucleoli, but there are some instances in which pathologists observe 

cells with invasive and/or metastatic behavior that are morphologically indistinguishable 

from non-neoplastic cells, such as fibroblasts or histiocytes. Conversely, the reactive atypia of 

non-neoplastic cells in an inflammatory background are sometimes so severe that 
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pathologists may consider them to be reflective of malignancy. Besides the morphometric 

features of individual cells, pathologists must consider their relationships with non-neoplastic 

normal structures, as well as inter-relationships between cells and sometimes even clinical 

information. Collectively, further methodological refinement is needed to address these issues. 

A convolutional neural network might be a promising option, as it is known to learn useful 

image features of different layers with robustness to varying shapes and colors (45). In fact, 

superior performance has been noted for sets of images (46) that were studied by 

conventional machine learning algorithms, including the random forest algorithm used in our 

study.(47)  

An unexpected finding of our study was that CRC subtypes based on the quantitative 

features of TIME showed an interesting concordance with CMS (Supplementary Figure 6). In 

fact, this trend has been observed in previous studies, where immunological subtypes of CRC 

identified by transcriptomic analysis (48,49) corresponded to different CMS. Although the 

immunologic features of the subgroups identified in the previous studies are not directly 

comparable to our results due to the methodological differences, these results collectively 

support the notion that genetic aberrations in cancer cells dictate the immunological 

contexture of tumors (50). Although the insufficient cohort size prevented us from providing 

sufficient proof regarding the 1:1 relationship between our clusters and CMS, we would like 

to suggest that the cancer-cell intrinsic properties could be inferred from the 

microenvironmental contexture obtained from histopathological images. A recent study even 

suggested that CMS can be predicted via the deep learning of H&E images, which is in 

accordance with our results (51).  

Although the resemblance between cluster 3 and CMS3 could be disputed, its unique 

properties deserve further discussion. In both discovery and validation cohorts, it was the 
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least T cell-inflamed cluster with the majority of its tumors (68.6% in the discovery cohort 

and 72.2% in the validation cohort) showing low Immunoscore. At the same time, a 

distinctively high CD8/CD3 ratio was a defining feature of the cluster. The original CMS3 is 

characterized by metabolic deregulation, and it is speculated that the functionality of T cells 

could be affected by the metabolic landscape of the TIME, which in turn is largely 

determined by the energetics of cancer cells (52). It is tempting to hypothesize that a low 

infiltration of TILs in spite of relative abundance of CD8-positive lymphocytes could be 

indicative of T cell dysfunction induced by the metabolic deregulation of CMS3 tumors.  

In summary, we established an open-source software-based analytic pipeline that 

separately quantifies iTILs, sTILs, and the TSR from whole-slide histopathological images. 

The application of the method to two independent cohorts allowed us to achieve the TIME-

based subgrouping of surgically resected and chemotherapy-treated CRCs, which conferred 

biological and clinical relevance. The application of our method to other cohorts of CRCs and 

other tumors would provide more quantitative information on the TIME, which could aid in 

clinical decision making and scientific discovery.  
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Figure legends 

 

Figure 1. Whole-slide image analysis pipeline for quantitative assessment of the tumor-

immune microenvironment. (A) Schematic flow of analytic pipeline. (B–C) Accuracy of 

iTIL (B) and sTIL (C) quantification was evaluated by comparison with manually counted 

iTILs and sTIL from 98 tissue microarray cores. Scatter plots corresponding to CD3(iTIL), 

CD8(iTIL), CD3(sTIL) and CD8(sTIL) are shown with manual counts in one representative 

high-powered field (HPF) on the x-axis and automatically quantified counts at the area of one 

HPF on the y-axis. The intraclass correlation coefficients (ICCs) with 95% confidence 

interval have also been shown. 

 

Figure 2. TIME landscape of stage III or high-risk stage II CRCs. K-means based 

consensus clustering of the discovery cohort based on 197 TIME-related measures (A) and 

predicted subgroups in the validation cohort (B). The colored bar above the heatmap denotes 

five subgroups (Cluster 1-5). Horizontal colored bars underneath it represent the 

microsatellite instability status, Immunoscore (0, 1, 2, 3, or 4), and 5-year relapse status of 

each patients, with colored legends available on the right side. Because not all patients were 

subjected to microsatellite instability analysis, patients with an unknown microsatellite 

instability status are marked with white. Vertical colored bars on the left side of the heatmap 

represent the categories of the 197 measures. ‘Type’ denotes whether the value is a 

representative measure (the overall density, mean, minimum, median, and maximum) or a 

heterogeneity measure (coefficient of variation and quartile coefficient of variation). ‘Class’ 

denotes whether the value is a measure of levels of CD3, CD8, CD8/CD3, or stroma. 

‘Subclass’ specifies the subtype of the measures for tumor-infiltrating lymphocytes (TILs), 
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and describes the density of intraepithelial TILs (iTILs), density of stromal TILs (sTILs), 

ratio of intraepithelial and stromal TIL density (i/s), or lymphocyte count (total). ‘Location’ 

denotes where the value was measured: the entire tumor area (entire), invasive margin (IM), 

or central tumor (CT).  

 

Figure 3. Differential prognoses of five TIME clusters. Kaplan-Meier curves of the five 

clusters in the discovery cohort (A) and the validation cohort (B). Unadjusted pairwise P-

values and adjusted pairwise P-values derived using the Tukey-Kramer method are tabulated 

below the graph and coded as follows: *P<0.05; **P<0.001; ***P<0.0001. 

 

Table 1. Clinicopathological and molecular characteristics of TIME clusters in the 

discovery cohort. 

 

Table 2. Clinicopathological and molecular characteristics of TIME clusters in the 

validation cohort. 

 

Table 3. Multivariate Cox proportional hazard analysis of the discovery and validation 

cohorts. 

 



Table 1. Clinicopathological and molecular characteristics of TIME clusters in the discovery cohort. 

 No. of cases Cluster 1 

(n=21, 

3.6%) 

Cluster 2 

(n=227, 

39.3%) 

Cluster 3 

(n=35, 

6.1%) 

Cluster 4 

(n=128, 

22.1%) 

Cluster 5 

(n=167, 

28.9%) 

Overall P-

value 

Sex 

Female 236 (40.8%) 10 (47.6%) 91 (40.1%) 18 (51.4%) 54 (42.2%) 63 (37.7%) 0.584  

 Male 342 (59.2%) 11 (52.4%) 136 (59.9%) 17 (48.6%) 74 (57.8%) 104 (62.3%) 

Gross type 

Fungating 340 (58.8%) 14 (66.7%) 134 (59.0%) 19 (54.3%) 61 (47.7%) 112 (67.1%) 0.017 

 Infiltrative 238 (41.2%) 7 (33.3%) 93 (41.0%) 16 (45.7%) 67 (52.3%) 55 (32.9%) 

Location 

Proximal colon  186 (32.2%) 9 (42.9%) 63 (27.8%) 13 (37.1%) 40 (31.2%) 61 (36.5%) 
0.423* 

 
Distal colon 326 (56.4%) 12 (57.1%) 138 (60.8%) 18 (51.4%) 73 (57.0%) 85 (50.9%) 

Rectum 66 (11.4%) 0 (0.0%) 26 (11.5%) 4 (11.4%) 15 (11.7%) 21 (12.6%) 

Lymphovascular invasion 

Absent 313 (54.2%) 13 (61.9%) 113 (49.8%) 21 (60.0%) 72 (56.2%) 94 (56.3%) 0.513  

 Present 265 (45.8%) 8 (38.1%) 114 (50.2%) 14 (40.0%) 56 (43.8%) 73 (43.7%) 

Perineural invasion 

Absent 418 (72.3%) 19 (90.5%) 159 (70.0%) 28 (80.0%) 76 (59.4%) 136 (81.4%) 
1.44 x 10

-4 
Present 160 (27.7%) 2 (9.5%) 68 (30.0%) 7 (20.0%) 52 (40.6%) 31 (18.6%) 

pT stage 

pT2-3 492 (85.1%) 18 (85.7%) 208 (91.6%) 29 (82.9%) 90 (70.3%) 147 (88.0%) 
3.04 x 10

-6
 

pT4 86 (14.9%) 3 (14.3%) 19 (8.4%) 6 (17.1%) 38 (29.7%) 20 (12.0%) 

pN stage 

pN0-1 426 (73.7%) 18 (85.7%) 173 (76.2%) 23 (65.7%) 93 (72.7%) 119 (71.3%) 
0.401  

pN2 152 (26.3%) 3 (14.3%) 54 (23.8%) 12 (34.3%) 35 (27.3%) 48 (28.7%) 

Differentiation† 

Differentiated 542 (93.8%) 16 (76.2%) 222 (97.8%) 30 (85.7%) 115 (89.8%) 159 (95.2%) 
7.79 x 10

-5
* 

Undifferentiated 36 (6.2%) 5 (23.8%) 5 (2.2%) 5 (14.3%) 13 (10.2%) 8 (4.8%) 

Mucin production 

Absent 525 (90.8%) 20 (95.2%) 216 (95.2%) 28 (80.0%) 105 (82.0%) 156 (93.4%) 
1.63 x 10

-4
* 

Present 53 (9.2%) 1 (4.8%) 11 (4.8%) 7 (20.0%) 23 (18.0%) 11 (6.6%) 

KRT20 expression (n=560) 

Retained 500 (89.3%) 15 (75.0%) 198 (90.8%) 32 (97.0%) 116 (92.8%) 139 (84.8%) 0.0206* 

Loss 60 (10.7%) 5 (25.0%) 20 (9.2%) 1 (3.0%) 9 (7.2%) 25 (15.2%) 

CDX2 expression (n=560) 

Retained 505 (90.2%) 12 (60.0%) 203 (93.1%) 31 (93.9%) 112 (89.6%) 147 (89.6%) 
1.88 x 10

-3
* 

Loss 55 (9.8%) 8 (40.0%) 15 (6.9%) 2 (6.1%) 13 (10.4%) 17 (10.4%) 

KRAS mutation by NGS (n=418)  

Wild type 246 (58.9%) 11 (68.8%) 91 (57.6%) 14 (63.6%) 48 (49.5%) 82 (65.6%) 0.146 

Mutant 172 (41.1%) 5 (31.2%) 67 (42.4%) 8 (36.4%) 49 (50.5%) 43 (34.4%) 

BRAF mutation by NGS (n=418)  

Wild type 388 (92.8%) 13 (81.2%) 154 (97.5%) 21 (95.5%) 86 (88.7%) 114 (91.2%) 0.010* 

Mutant 30 (7.2%) 3 (18.8%) 4 (2.5%) 1 (4.5%) 11 (11.3%) 11 (8.8%) 

Microsatellite instability (n=569)  

MSS 535 (94.0%) 15 (71.4%) 221 (97.8%) 30 (85.7%) 122 (97.6%) 147 (90.7%) 4.85 x 10
-6

* 

MSI 34 (6.0%) 6 (28.6%) 5 (2.2%) 5 (14.3%) 3 (2.4%) 15 (9.3%) 

CpG-island methylator phenotype (n=576)  

CIMP-N 535 (92.9%) 15 (71.4%) 218 (96.0%) 29 (85.3%) 119 (93.0%) 154 (92.8%) 2.72 x 10
-3

* 

CIMP-P1 31 (5.4%) 3 (14.3%) 8 (3.5%) 4 (11.8%) 7 (5.5%) 9 (5.4%) 

CIMP-P2 10 (1.7%) 3 (14.3%) 1 (0.4%) 1 (2.9%) 2 (1.6%) 3 (1.8%) 

MLH1 promoter methylation (n=576) 

Unmethylated 555 (96.4%) 16 (76.2%) 224 (98.7%) 32 (94.1%) 124 (96.9%) 159 (95.8%) 6.03 x 10
-4

* 

Methylated  21 (3.6%) 5 (23.8%) 3 (1.3%) 2 (5.9%) 4 (3.1%) 7 (4.2%) 

Immunoscore  

Low (0-2) 136 (23.5%) 0 (0.0%) 43 (18.9%) 24 (68.6%) 69 (53.9%) 0 (0.0%) 2.56 x 10
-39

* 

High (3,4) 442 (76.5%) 21 (100.0%) 184 (81.1%) 11 (31.4%) 59 (46.1%) 
167 

(100.0%) 

* P-values with Fisher’s exact test; P-values indicating statistical significance (<0.05) are highlighted in bold font.  

† Grade 1 (well differentiated) and 2 (moderately differentiated) corresponds to ‘differentiated’, while 3 (poorly 

differentiated) and 4 (undifferentiated) to ‘undifferentiated’.  



Table 2. Clinicopathological and molecular characteristics of TIME clusters in the validation cohort. 

 No. of cases Cluster 1 
(n=7, 
2.5%) 

Cluster 2 
(n=121, 
42.8% 

Cluster 3 
(n=18, 
6.4%) 

Cluster 4 
(n=62, 
21.9%) 

Cluster 5 
(n= 75, 
26.5%) 

Overall P-
value 

Sex 
Female 125 (44.2%) 5 (71.4%) 50 (41.3%) 12 (66.7%) 30 (48.4%) 28 (37.3%) 0.0911* 

 Male 158 (55.8%) 2 (28.6%) 71 (58.7%) 6 (33.3%) 32 (51.6%) 47 (62.7%) 
Gross type 
Fungating 171 (60.4%) 6 (85.7%) 82 (67.8%) 10 (55.6%) 28 (45.2%) 45 (60.0%) 0.0288* 

 Infiltrative 112 (39.6%) 1 (14.3%) 39 (32.2%) 8 (44.4%) 34 (54.8%) 30 (40.0%) 
Location 
Proximal colon  100 (35.3%) 5 (71.4%) 40 (33.1%) 7 (38.9%) 21 (33.9%) 27 (36.0%) 0.553* 

 Distal colon 146 (51.6%) 1 (14.3%) 63 (52.1%) 10 (55.6%) 35 (56.5%) 37 (49.3%) 
Rectum 37 (13.1%) 1 (14.3%) 18 (14.9%) 1 (5.6%) 6 (9.7%) 11 (14.7%) 
Lymphovascular invasion 
Absent 116 (41.0%) 4 (57.1%) 51 (42.1%) 12 (66.7%) 21 (33.9%) 28 (37.3%) 0.115* 

 Present 167 (59.0%) 3 (42.9%) 70 (57.9%) 6 (33.3%) 41 (66.1%) 47 (62.7%) 
Perineural invasion 
Absent 161 (56.9%) 6 (85.7%) 70 (57.9%) 10 (55.6%) 33 (53.2%) 42 (56.0%) 0.628* 

 Present 122 (43.1%) 1 (14.3%) 51 (42.1%) 8 (44.4%) 29 (46.8%) 33 (44.0%) 
pT stage 
pT2-3 217 (76.7%) 7 (100.0%) 99 (81.8%) 7 (38.9%) 42 (67.7%) 62 (82.7%) 1.55 x 10-4 

 pT4 66 (23.3%) 0 (0.0%) 22 (18.2%) 11 (61.1%) 20 (32.3%) 13 (17.3%) 
pN stage 
pN0-1 202 (71.4%) 7 (100.0%) 83 (68.6%) 14 (77.8%) 42 (67.7%) 56 (74.7%) 0.391* 

 pN2 81 (28.6%) 0 (0.0%) 38 (31.4%) 4 (22.2%) 20 (32.3%) 19 (25.3%) 
Differentiation† 
Differentiated  233 (82.3%) 2 (28.6%) 109 (90.1%) 15 (83.3%) 48 (77.4%) 59 (78.7%) 1.03 x 10-3* 

 Undifferentiated 50 (17.7%) 5 (71.4%) 12 (9.9%) 3 (16.7%) 14 (22.6%) 16 (21.3%) 
Mucin production 
Absent 229 (80.9%) 7 (100.0%) 99 (81.8%) 11 (61.1%) 47 (75.8%) 65 (86.7%) 0.07761077* 

 Present 54 (19.1%) 0 (0.0%) 22 (18.2%) 7 (38.9%) 15 (24.2%) 10 (13.3%) 
KRT20 expression (n=280) 
Retained 239 (85.4%) 4 (57.1%) 108 (90.0%) 15 (88.2%) 53 (85.5%) 59 (79.7%) 0.076* 

 Loss 41 (14.6%) 3 (42.9%) 12 (10.0%) 2 (11.8%) 9 (14.5%) 15 (20.3%) 
CDX2 expression (n=280) 
Retained 250 (89.3%) 4 (57.1%) 112 (93.3%) 13 (76.5%) 58 (93.5%) 63 (85.1%) 7.10 x 10-3* 

 Loss 30 (10.7%) 3 (42.9%) 8 (6.7%) 4 (23.5%) 4 (6.5%) 11 (14.9%) 
KRAS mutation by Sanger sequencing (n=281)  
Wild type 169 (60.1%) 7 (100.0%) 70 (58.8%) 3 (16.7%) 37 (59.7%) 52 (69.3%) 1.75 x 10-4* 

 Mutant 112 (39.9%) 0 (0.0%) 49 (41.2%) 15 (83.3%) 25 (40.3%) 23 (30.7%) 
BRAF mutation by PNA clamping (n=281)  
Wild type 267 (95.0%) 4 (57.1%) 116 (97.5%) 18 (100.0%) 59 (95.2%) 70 (93.3%) 6.32 x 10-3* Mutant 14 (5.0%) 3 (42.9%) 3 (2.5%) 0 (0.0%) 3 (4.8%) 5 (6.7%) 
Microsatellite instability (n=274)  
MSS 244 (89.1%) 2 (28.6%) 112 (95.7%) 16 (88.9%) 56 (93.3%) 58 (80.6%) 8.51x10-6* 

 MSI 30 (10.9%) 5 (71.4%) 5 (4.3%) 2 (11.1%) 4 (6.7%) 14 (19.4%) 
CpG-island methylator phenotype (n=281)  
CIMP-N 254 (90.4%) 2 (28.6%) 115 (96.6%) 18 (100.0%) 55 (88.7%) 64 (85.3%) 3.42 x 10-5* 

 CIMP-P1 15 (5.3%) 1 (14.3%) 3 (2.5%) 0 (0.0%) 4 (6.5%) 7 (9.3%) 
CIMP-P2 12 (4.3%) 4 (57.1%) 1 (0.8%) 0 (0.0%) 3 (4.8%) 4 (5.3%) 
MLH1 promoter methylation (n=281) 
Unmethylated 263 (93.6%) 2 (28.6%) 114 (95.8%) 17 (94.4%) 59 (95.2%) 71 (94.7%) 9.15x 10-5* 

 Methylated  18 (6.4%) 5 (71.4%) 5 (4.2%) 1 (5.6%) 3 (4.8%) 4 (5.3%) 
Immunoscore  
Low (0-2) 71 (25.1%) 0 (0.0%) 23 (19.0%) 13 (72.2%) 34 (54.8%) 1 (1.3%) 2.99 x 10-17* 

 High (3,4) 212 (74.9%) 7 (100.0%) 98 (81.0%) 5 (27.8%) 28 (45.2%) 74 (98.7%) 
* P-values with Fisher’s exact test; P-values indicating statistical significance (<0.05) are highlighted in bold font.  
† Grade 1 (well differentiated) and 2 (moderately differentiated) corresponds to ‘differentiated’, while 3 (poorly 
differentiated) and 4 (undifferentiated) to ‘undifferentiated’.  



Table 3. Multivariate Cox proportional hazard analysis of the discovery and validation cohorts.  

 Discovery cohort  Validation cohort 

Cluster HR (95% CI) P-value HR (95% CI) P-value 

Cluster 1 0.95 (0.22-4.17) 0.9419 0.00 (0.00-∞) 0.9877 

Cluster 2 1.42 (0.78-2.57) 0.2525 2.11 (0.79-5.70) 0.1428 

Cluster 3 1.76 (0.73-4.30) 0.2112 2.25 (0.51-9.82) 2.25 

Cluster 4 3.01 (1.67-5.39) 0.0002 3.10 (1.09-8.76) 0.0332 

Cluster 5 Reference 

Multivariate Cox models included pT stage, pN stage, and differentiation in both cohorts.  

Abbreviations: HR, hazard ratio; CI, confidence interval.  
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