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Background: The ecological diversity in the tumor microenvironment influences cancer progression and clini-
cal outcomes of patients. However, the complexity of cellular and tissue components hamper quantitative dis-
section of the tumor microenvironment. In this study, we aimed to develop an efficient and robust artificial
intelligence (AI)‐empowered framework for the identification of prognostic spatial organization features based
on histopathological images.
Results: Using two public H&E image cohorts involving 107,180 hand‐delineated image patches, we trained
and validated a robust and efficient deep convolutional neural network for accurate tissue classification.
With the classification result, we calculated whole‐slide and infiltrating spatial organization features (SOFs)
for different tissue types. Interestingly, the whole‐slide SOFs recapitulated the characteristics of the four
Consensus Molecular Subtypes (CMSs) of colorectal cancer (CRC). More specifically, we found that lympho-
cyte, tumor, mucus, and stroma tissues are significantly more abundant in CMS1, 2, 3, and 4, respectively.
Using univariate and multivariate analyses, we identified infiltrating lymphocyte ratio (ILR) and infiltrating
stroma ratio (ISR) are significantly associated with relapse‐free survival. Based on two independent clinical
cohorts, we further demonstrated the combinatorial prognostic value of ILR and ISR. Together, our results sug-
gest that a high level of lymphocyte infiltration may surpass the effect of stromal infiltration. However, stromal
infiltration will be essential for RFS in patients with low degrees of immune activity.
Conclusions: We developed CRC‐SPA for accurate profiling of spatial organization features using histology
images, providing a cost‐efficient tool for more quantitative analysis of tumor microenvironment and stratifi-
cation of patients for more optimized clinical management.
1. Introduction

Colorectal cancer (CRC) is the third most common cancer in men
and the second in women worldwide [1]. In 2018, there were over
1.85 million new cases and about 0.88 million deaths worldwide,
accounting for 9.2% of the total number of cancer‐related deaths
[2]. Over the past decade, the gradual adoption of population‐wide
screening and the development of therapeutic interventions have con-
tributed to a significant reduction in the mortality of colorectal cancer
to a certain extent [3,4]. However, there is still a significant proportion
of patients who eventually died within five years due to recurrence
and metastasis [5,6]. Importantly, the inter‐ and intra‐tumor hetero-
geneity underlie the diverse clinical outcomes of CRC patients, and
therefore stratification of patients into molecularly distinct subgroups
is key to a more accurate selection of patients for more optimized ther-
apy [7]. It has been clear now that CRC is not a single disease but com-
prising multiple consensus molecular subtypes (CMSs) as defined
previously, yet the CMS classifier is difficult to implement in the clinic
due to the requirement of genome‐wide gene expression profiling [8].
ma ratio.
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Table 1
Patient demographics for the TCGA cohort and SYSU165 cohort.

Characteristics TCGA-CRC SYSU-165
No. (%) No. (%)

Total 535 165
Gender
Male 278 (52.0%) 100 (60.6%)
Female 257 (48.0%) 65 (39.4%)

Mean age, years 66.21 ± 12.73 57.58 ± 13.73
Tumor location, n
Left 288 (53.8%) 100 (60.6%)
Right 247 (46.2%) 65 (39.4%)

TNM stage, n
Stage I 85 (15.9%) 10 (6.1%)
Stage II 197 (36.8%) 34 (20.6%)
Stage III 158 (29.5%) 26 (15.8%)
Stage IV 75 (14.0%) 95 (57.5%)
Unknown 20 (3.8%)

T stage, n
Stage I 18 (3.4%) 3 (1.8%)
Stage II 84 (15.7%) 10 (6.1%)
Stage III 369 (69.0%) 99 (60.0%)
Stage IV 62 (11.6%) 53 (32.1%)
Unknown 2 (0.3%)

N stage, n
N0 297 (55.5%) 55 (33.3%)
N1 130 (24.3%) 67 (40.6%)
N2 104 (19.4%) 43 (26.1%)
Unknown 4 (0.8%)

CMS system, n
CMS1 86 (16.1%)
CMS2 195 (36.4%)
CMS3 84 (15.7%)
CMS4 154 (28.8%)
Unknown 16 (3.0%)

RFS event, n
Yes 391 (73.1%) 87 (52.7%)
No 143 (26.7%) 78 (47.3%)
Unknown 1 (0.2%)
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Tumor microenvironment has gained increasing attention because
of the close association with tumor development and progression.
Interactions between intestinal epithelial, stromal, and immune cells
during colon cancer development are essential characteristics of prog-
nosis and formulating therapeutic strategies [9,10]. Histopathological
images derived from tissue slides contain rich information about cell
morphologies and tissue structures, which provides a cost‐efficient
and easily accessible tool to dissect tumor microenvironment for clin-
ical decision making. For instance, H&E‐stained histology slides can
assist pathologists in making the diagnosis based on the identification
of different cell types, such as tumor cells and infiltrating lymphocytes
and stroma. However, manual inspection is time‐labor demanding, less
quantitative, and might not pick up complicated image patterns. In
recent years, artificial intelligence (AI) has been put to the forefront
of clinical diagnosis, significantly extending the capability of tradi-
tional pathology. A representative example is a deep learning based
on convolutional neural networks (CNNs), which has achieved excep-
tional performance outperforming human diagnosis in many specific
aspects, such as image‐based cell detection and classification
[11,12]. AI‐empowered digital pathology can not only distinguish
between different cell and tissue types accurately [13,14], but also link
image‐based features to molecular characteristics such as gene muta-
tions, microsatellite instability, and molecular subtypes [15–17].

Recently, spatial organization features (SOFs) in the tumor
microenvironment have been widely studied in colorectal cancer
based on histopathological images. For instance, tumor‐infiltrating
immune cells and inflammatory cells have demonstrated significant
associations with prognosis in several studies [18–20]. However, the
scoring and grouping of patients were determined by the reviews of
pathologists, which is mainly empirical and lack quantitation
[18–20]. Similarly, tumor‐stroma ratios were also found prognostic
in colorectal cancer, which also faced the challenges of score quantifi-
cation and efficiency [18,21]. More recently, artificial intelligence (AI)
techniques such as deep learning have been employed to quantify the
spatial organization of tumor‐infiltrating lymphocytes in various can-
cer types, including CRC [22]. For instance, a deep stroma score was
defined by quantifying the output neuron activation of CNN, which
can be used as an independent prognostic factor of CRC [14]. The pre-
vious studies have demonstrated the power of AI in microenvironment
dissection, which gained novel biological insights and explored the
possibility to exploit spatial organization features as cancer biomark-
ers, yet several major limitations remain. First, while AI is superior
in its strong learning ability, automated quantification, accuracy, and
efficiency, one general issue lies in its interpretability due to the “black
box” challenge. For instance, the deep stroma scores are based on fea-
tures learned by CNNs [14], which are associated with the degree of
stroma infiltration but are not direct spatial characteristics that can
be easily interpreted. Second, despite the known enrichment of indi-
vidual cell types in specific CMSs (e.g., higher stroma content in
CMS4 and lymphocytes in CMS1), systematic studies into the relation-
ships between molecular subtypes and spatial organization features
are still lacking. Last but not least, although individual spatial organi-
zation features have been explored for association with prognosis,
their combinatorial prognostic value has not been studied in colorectal
cancer.

In this study, we aimed to dissect the colorectal cancer microenvi-
ronment based on histology images using our newly developed deep
learning‐based framework—CRC‐SPA. Spatial organization features
calculated based on tissue classification using CRC‐SPA showed signif-
icant associations with the characteristics of CRC molecular subtypes.
Among different SOFs, infiltrating lymphocyte and stroma ratios
showed significant associations with relapse‐free survival in two inde-
pendent CRC cohorts. Together, we demonstrated the tremendous clin-
ical value to apply CRC‐SPA for more optimized clinical management
and treatment of CRC patients, pending further large‐scale clinical
validations.
2

2. Materials and methods

2.1. Patient cohorts and data collection

In this study, we first downloaded hand‐delineated image patches
from two public datasets, NCT‐CRC‐HE‐100k and CRC‐VAL‐HE‐7K
from https://doi.org/10.5281/zenodo.1214456 [14,25]. These two
cohorts contain 100,000 and 7180 non‐overlapping image patches,
obtained from 86 and 50 (no overlap of patients with each other)
H&E stained histological images from tissue samples. The H&E stained
histological images were first fully digitalized using an Aperio ScanS-
cope (Aperio/Leica biosystems) and saved as compressed Aperio svs
files as described in [23]. Then, contiguous pure tissue areas for nine
types of tissue were manually annotated by pathologists and tessel-
lated to create non‐overlapping tissue patches. The nine tissue classes
included: colorectal adenocarcinoma epithelium (TUM), cancer‐
associated stroma (STR), lymphocytes (LYM), adipose tissue (ADI),
mucus (MUC), smooth muscle (MUS), normal colorectal mucosa
(NORM), debris (DEB), and background (BACK). All images were
224 � 224 pixels (px) at 0.5 microns per pixel (MPP) followed by
color‐normalization using Macenko's method [24]. The NCT‐CRC‐
HE‐100K and the CRC‐VAL‐HE‐7K cohorts contained only images but
not clinical information, and therefore were only employed for train-
ing a tissue classifier based on deep learning and testing the perfor-
mance, respectively.

The established classifier was applied to classify image patches tes-
sellated from a total of 700 whole‐slide H&E images from two indepen-
dent datasets: the public TCGA‐CRC dataset (TCGA‐COAD and TCGA‐
READ combined) and an in‐house SYSU‐165 dataset. The patient

http://dx.doi.org/10.5281/zenodo.1214456
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demographics for the TCGA‐CRC and SYSU‐165 cohorts were summa-
rized in Table 1. Gene expression profiles and H&E stained histopatho-
logical whole‐slide images for a total of 535 colorectal cancer patient
samples in the TCGA‐CRC cohort (https://portal.gdc.cancer.gov/)
were used for molecular subtyping, calculation of spatial organization
features and training a multivariate regression model for CRC progno-
sis. Gene expression profiles and clinical data for the corresponding
samples were obtained by the R package: ‘TCGAbiolinks’ (https://
github.com/BioinformaticsFMRP/TCGAbiolinks). The CMS classifica-
tions for tumor samples in the TCGA‐CRC cohort were predicted based
on gene expression profiles using the R package ‘CMScaller’ [26]. For
independent validation, H&E stained images were collected from an
in‐house cohort SYSU‐165, involving 165 colorectal cancer patient
samples. The corresponding clinical data was collected and curated
from pathological reports.

2.2. H&E image preprocessing

Due to compatibility and readability issues, 180 and 7 slides were
removed from TCGA‐CRC and SYSU‐165 cohorts after pathologists’
review, respectively. All H&E stained whole‐slide images retained
were tessellated into non‐overlapping 256 � 256 pixels (px) image
patches at 20× magnification with Openslides (https://openslide.
org/), followed by appearance normalization of color and intensity
using the Macenko method [24]. Image patches with low information
content (>50% blank region) were removed. In total, around 4.13 and
3.24 million patches were generated from TCGA‐CRC and SYSU‐165
cohorts, respectively.

2.3. Deep learning-based CRC tissue classification

For CRC tissue classification, we trained a deep convolutional neu-
ral network (CNN) based on the VGG19 model, which was pre‐trained
on the ImageNet database (www.image-net.org), to classify the nine
tissue types (Fig. 1) [27]. More specifically, the CNN was constructed
by the VGG19 architecture connected to two customized fully con-
nected layers followed by dropout layers as well as a softmax output
layer. The NCT‐CRC‐HE‐100k dataset was randomly split into two sub-
sets, with 80% image patches for training and the other 20% for vali-
dation. Data augmentation was performed on 50% image patches
randomly selected from the training set for random rotation within
10 degrees, horizontal or vertical flips. The CNN was trained with a
fixed learning rate of 0.00001 and a batch size of 128 using the Adam
optimization method [28]. To prevent overfitting, we only trained the
last convolutional block and the fully connected layers, while fixing
the parameters in the other layers. The optimized model, with the low-
est cross‐entropy loss on the validation dataset, was further evaluated
in the independent testing dataset CRC‐VAL‐HE‐7K. Using the trained
CNN, we classified the preprocessed image patches in the TCGA‐CRC
and SYSU‐165 cohorts. The tissue classification results were reassem-
bled at the whole‐slide level with distinct colors highlighting different
tissue types. The entire deep learning‐based tissue classification anal-
ysis was performed based on the Tensorflow platform (version
1.12.0) with Keras library (version 2.2.4).

2.4. Calculation of spatial organization features

To evaluate the potential association between spatial organization
features and the Consensus Molecular Subtypes (CMSs) of colorectal
cancer, we calculated the relative abundance of image patches
assigned to different tissue types in the whole‐slide images as whole‐
slide tissue organization features (SOFs). More specifically, we first
remove patches classified as background (BACK) and debris (DEB)
for each whole‐slide image in the TCGA cohort. The relative propor-
tions of image patches classified to the other seven tissue types were
subsequently calculated and compared between tumors belonging to
3

different CMSs. Using gene expression profiles, tumor purity scores,
and stromal and immune infiltration levels were predicted by R pack-
age ‘ESTIMATE’ [29].

To calculate spatial organization features associated with tumor‐
infiltrating cells, we used a 6 � 6 tissue patches window (1536 �
1536 pixels) with a 50% overlap (768‐pixel step size) to scan each
whole‐slide image to identify regions of interests (ROIs). ROIs were
defined by local tissue regions with >25% tumor epithelium (TUM)
patches and <50% background surface. For each whole‐slide image
in the TCGA‐CRC and SYSU‐165 cohorts, we calculated tumor‐
associated spatial organization features for all ROIs identified and took
the average as the overall estimation of the entire tissue slide and
patient. The tumor‐associated lymphocyte and stroma ratios calculated
in the ROIs were defined as infiltrating lymphocyte ratio (ILR) and
infiltrating stroma ratio (ISR), respectively.

2.5. Statistical analysis

Statistical analysis was conducted with R software (version 3.6.1;
http://www.r-project.org). Descriptive statistics were computed for
all variables, including means and standard deviations (SD) or medians
and frequencies for categorical factors. Continuous values were com-
pared using Wilcoxon signed‐rank tests between different groups. Uni-
variate and multivariate analyses of spatial organization features, gene
expression‐derived immune/stromal infiltration scores, and other clin-
icopathological factors were evaluated using Cox proportional hazards
regression analysis. A p‐value of less than 0.05 was considered statisti-
cally significant in all tests.

3. Results

3.1. Establishing a bioinformatic framework for tissue classification and
profiling of spatial organization features based on deep learning

Accurate identification of various tissue types in histology images is
essential to dissecting tumor microenvironment and further investigat-
ing the association with clinical outcomes. We established an accurate,
robust, and efficient bioinformatic framework CRC‐SPA for tissue clas-
sification and quantification of spatial organization features (SOFs),
involving the following steps (Fig. 1):

(1) Image tessellation: digital images derived from histology slides
are typically multi‐resolution achieved by montaging many
small high‐resolution image tiles. Using a high level of magnifi-
cation such as 20×, the images generated usually are huge. For
instance, the average file size for the H&E images in our SYSU‐
165 cohort is 2 GB, with the maximum size of over 5 GB. Read-
ing these slides is a great challenge for standard image analysis
tools, graphic libraries, and deep neural networks. Therefore,
image tessellation is an important step to convert a large
whole‐slide image into a number of small image patches in
the same format. In this study, we tessellated all H&E images
under 20× magnification using a sliding window of 256�256
pixels with a step size of 256 pixels, filtering out patches with
more than 50% blank surface.

(2) Image normalization: The appearance of histology images can
be affected by various technical factors, such as the production
process of H&E stained slides and the scanning machine. These
factors may cause significant variations in the color structure of
images, which may hamper or mislead the fitting of the deep
neural network. To address the issue, we performed appearance
normalization based on the Macenko method [24].

(3) Image augmentation: Image augmentation expands the sample
size by generating new samples based on random transforma-
tions to the images in the training dataset. In this study, the ran-

https://portal.gdc.cancer.gov/
https://github.com/BioinformaticsFMRP/TCGAbiolinks
https://github.com/BioinformaticsFMRP/TCGAbiolinks
https://openslide.org/
https://openslide.org/
http://www.image-net.org
http://www.r-project.org


Fig. 1. A schematic figure illustrating the workflow of CRC-SPA. (a) A deep convolutional neural network (CNN) was established for classification image patches
into nine types of tissue structures, including colorectal adenocarcinoma epithelium (TUM), cancer-associated stroma (STR), lymphocytes (LYM), adipose tissue
(ADI), mucus (MUC), smooth muscle (MUS), normal colorectal mucosa (NORM), debris (DEB), and background (BACK). The deep CNN was trained on 80% image
patches from the NCT-CRC-HE-100k cohort with data augmentation and validated in the other 20% samples from the same cohort. Further independent validation
was performed on the CRC-VAL-HE-7K cohort. The H&E stained images in the TCGA-CRC and SYSU-165 cohorts were classified by the trained deep CNN after
tessellation, normalization, and enhancement. (b) Whole-slide and infiltrating spatial organization features (SOFs) were profiled based on the tissue classification
results for further association analysis with CRC molecular subtypes and clinical outcomes.
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dom transformation includes randomized rotation within 10
degrees and horizontal and vertical flipping. The increased
diversity of training samples could reduce the risk of overfitting
and improve the robustness and generalization ability of the
model.

(4) Model training. A deep CNN was trained to classify image
patches into nine tissue classes, including: colorectal adenocar-
cinoma epithelium (TUM), cancer‐associated stroma (STR),
lymphocytes (LYM), adipose tissue (ADI), mucus (MUC),
4

smooth muscle (MUS), normal colorectal mucosa (NORM), deb-
ris (DEB), and background (BACK). A proper network structure
and training methods are crucial to the classification perfor-
mance. VGG19 model, a widely used deep convolutional neural
network, was selected to train a tissue classifier for its outstand-
ing classification performance [27]. To accelerate network con-
vergence, we employed transfer learning, i.e., a VGG19 model
pre‐trained on the ImageNet dataset was employed to initialize
the training of our classifier [30]. The training dataset was ran-
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domly acquired from public image cohort NCT‐CRC‐HE‐100k
with labels of nine tissue types annotated by pathologists, fol-
lowed by data augmentation (more details in Methods). The
internal validation set, including 20% samples randomly
selected from the NCT‐CRC‐HE‐100k cohort, was employed to
produce an unbiased estimate of a model fit on the training
dataset while tuning the model hyperparameters.

(5) Model evaluation: The performance of the trained classifier was
evaluated in the internal validation dataset and an independent
testing cohort CRC‐VAL‐HE‐7K, including 7180 image patches.
The model achieved high classification accuracies of 99% and
95% on the internal validation and testing datasets, respectively
(Supplementary Fig. 1a‐b), demonstrating the robustness of the
classification model.

(6) Whole‐slide visualization: After tissue classification, we
reassembled all image patches to a whole‐slide image, with dis-
tinct colors highlighting various tissue types. The visualization
technique provides a rapid and convenient overview of the his-
tology slides classified, which can assist pathologists for more
efficient quality control and diagnosis.

(7) Profiling of spatial organization features (SOFs): Based on the
tissue classification result, we calculated relative ratios of image
patches classified to specific tissue types in each whole‐slide
image. These SOFs represent intratumor heterogeneity and
could potentially be used for quality control. For instance, his-
tology slides with very low ratios of colorectal adenocarcinoma
epithelium (TUM) and/or very high ratios of background
(BACK) can be considered as poor‐quality slides, which should
be discarded. Furthermore, the spatial organization features
may also be associated with clinical outcomes such as survival,
and therefore, may be exploited as biomarkers.

In addition to the high accuracy and robustness, our tissue classifi-
cation framework turned out to be very efficient. To classify a typical
whole‐slide image at 20× magnification (~30,000 patches of 256 �
256 pixels), it took only 10.5 (�2.14) minutes for tessellation, normal-
ization, and tissue classification without parallel computing. The pro-
gram was implemented in python 3.6.7 and ran on a workstation with
NVIDIA graphics processing units (GPU: Tesla K80; 64 CPUs: Intel(R)
CPU E5‐2698 v3 @2.30 GHz).

3.2. Profiling CRC spatial organization features based on tissue
classification using CRC-SPA

All H&E stained whole‐slide images in the TCGA‐CRC and SYSU‐
165 cohorts were tessellated into nonoverlapping 256 � 256 pixels
(px) image patches under 20× magnification and normalized using
the Macenko method. A total of 4,128,380 and 3,236,361 patches
were generated for the TCGA‐CRC and SYSU‐165 cohorts, respectively.
The results of tissue classification of image patches were reassembled
at the patient level for visualization. Two representative samples from
the TCGA‐CRC and SYSU‐165 cohorts were visualized with different
colors representing different tissue types (Fig. 2a‐b). The reassembled
images intuitively reflected the tissue structure of the whole slides,
which could be used to assist pathologists for more efficient quality
control.

Based on the classification results, we calculated whole‐slide spatial
organization features of different tissue types for quality control. His-
tology slides with very high ratios (>60%) of background (BACK)
were considered poor‐quality. Based on the criteria, we filtered out 6
in the TCGA‐CRC cohort and 12 slides in the SYSU‐165 cohort. For
the retained informative slides, we calculated the distributions of
whole‐slide spatial organization features for different tissue types.
We found that tumor (TUM) and stroma (STR) tissues are the most
abundant in both cohorts compared to the other tissue types. In addi-
tion, lymphocyte, mucus, muscle, normal, and debris tissues also
5

showed similar patterns of relative abundance, suggesting that
retained whole‐slide images are effective and informative for down-
stream analysis (Fig. 2a‐b).

3.3. Spatial organization features recapitulated the characteristics of CRC
molecular subtypes

The consensus molecular subtypes (CMSs) for colorectal cancer
(CRC) with distinguishing features have been widely recognized as
the most robust classification system for CRC [8]. We hypothesize that
the four CMSs may also have distinct spatial organization features that
correspond to their distinct molecular properties. To test the hypothe-
sis, after excluding image patches classified as background (BACK) and
debris (DEB), we calculated the relative ratios of image patches classi-
fied to the other seven tissue types and compared the distributions
between different CMSs (Fig. 2c, Supplementary Fig. 2a). Interestingly,
we found that each CMS has its characteristic tissue type that is signif-
icantly more abundant than the other CMSs. CMS1 tumors had the
highest fractions of lymphocytes, consistent with previous studies that
these tumors are characterized by higher immune cell infiltration
(P = 0.019, Wilcoxon signed‐rank test, Fig. 2c). CMS2 is a canonical
subtype characterized by epithelial differentiation, and indeed we
observed more abundant tumor cells in the slides than other subtypes
(P < 0.001, Fig. 2c). CMS3 is also epithelial, with evident metabolic
dysregulations, and we found that CMS3 tumors had a significantly
higher amount of mucus tissues than other subtypes (P < 0.001,
Fig. 2c). Since intestinal mucus is produced by goblet cells, the higher
amount of mucus tissues in CMS3 is consistent with the previous find-
ing that CMS3 tumors may have an origin from goblet cells [8,31]. Fur-
thermore, the thicker mucus layers in CMS3 tumors might be due to
dysregulated gut microbiota and interactions with the mucus layer,
which also explains the metabolic aberrations in this particular CRC
subtype [8]. CMS4 is the mesenchymal CRC subtype, featured by
stroma invasion, TGF‐β activation, and angiogenesis. Indeed, we
observed significantly higher stroma content in the histology slides
compared to CMS1/2/3 (P < 0.001, Fig. 2c). Moreover, the whole‐
slide adipose, muscle, and normal ratios did not show significant dif-
ferences between the four CMSs (all P > 0.05, ANOVA tests, Supple-
mentary Fig. 2a).

The fractions of stromal, immune, and tumor cells can also be
inferred from bulk tumor gene expression profiles using their corre-
sponding gene expression signatures by ESTIMATE [29]. As expected,
we found that the distributions of tumor, immune and stromal cell
fractions showed similar enrichment patterns: significantly higher
immune infiltration in CMS1, higher tumor purity in CMS2 and higher
stromal content in CMS4 compared to other CMSs, respectively (all
P < 0.001, Wilcoxon signed‐rank tests, Supplementary Fig. 2b). Fur-
thermore, the whole‐slide SOFs and ESTIMATE scores are significantly
correlated (all P < 0.01, Pearson correlation tests n = 349, Supple-
mentary Fig. 3), which further demonstrated the validity of CRC‐SPA.

3.4. Infiltrating lymphocyte and stroma ratios are significantly associated
with relapse-free survival

Whole‐slide H&E stained images often contain large areas of tissues
without tumor cells, which may not be functionally relevant and asso-
ciated with clinical outcomes. To calculate SOFs in the proximity of
tumor tissues, a 6 � 6 tissue patches window (1536 � 1536 pixels)
with a 50% overlap (768‐pixel step size) was used to scan the
whole‐slide image to identify regions of interests (ROIs). Only the
regions with >25% tumor epithelium (TUM) tissue patches and
<50% background surface were selected as ROIs. For each whole‐
slide image, tumor‐associated spatial organization features were calcu-
lated in each ROI, and the average SOFs across all ROIs were taken as
an overall estimate for the entire slide. To examine the clinical associ-
ations, we assessed the prognostic power of the SOFs, ESTIMATE



Fig. 2. The distributions of whole-slide spatial organization features and their associations with molecular subtypes of colorectal cancer. Tissue classification
examples and the distributions of whole-slide SOFs in (a) the TCGA cohort and (b) the SYSU-165 cohort after quality control, respectively. (c) CMS1, 2, 3 and 4
tumors had significantly higher ratios of lymphocyte, tumor, mucus, and stroma tissues compared to other subtypes, respectively. P-values were calculated based
on two-sided Wilcoxon signed-rank tests.

L. Qi et al. Medicine in Omics 2 (2021) 100008
scores, and clinical factors such as age and gender by univariable Cox
regression analysis in the TCGA‐CRC cohort. We found the TNM stage,
infiltrating lymphocyte ratio (ILR), and infiltrating stroma ratio (ISR)
were significantly associated with relapse‐free survival (all
6

P < 0.05, likelihood ratio tests, Table 2). However, the stromal and
immune scores calculated by ESTIMATE did not show significant asso-
ciations with RFS (Table 2). Furthermore, although previous studies
also demonstrated the associations of infiltrating lymphocytes and



Table 2
Univariate analyses of spatial organization features, ESTIMATE scores, clinical,
and pathologic factors in the TCGA cohort.

Characteristic Univariate analysis

HR (95% CI) P value

Gender 1.49 (0.99–2.24) 0.05
Age 1.00 (0.98–1.01) 0.66
Tumor location 0.99 (0.67–1.48) 0.97
TNM stage 2.45 (1.90–3.17) <0.001
MMR status 0.87 (0.57–1.32) 0.51
Stromal score (ESTIMATE) 1.00 (1.00–1.00) 0.21
Immune score (ESTIMATE) 1.00 (1.00–1.00) 0.76
Tumor Purity (ESTIMATE) 0.61 (0.11–3.48) 0.58
ILR (CRC-SPA) 0.01 (0.00–0.86) 0.03
ISR (CRC-SPA) 59.7 (8.01–444) <0.001
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stroma with survival [18–21], their combinatorial effects have not
been explored. Comparing the multivariate model with both ILR and
ISR and the univariate model with only ILR, we found that the addition
of ISR significantly improved the prognostic power (P < 0.001,
ANOVA test). Together, our results demonstrated that apart from the
individual prognostic value of infiltrating lymphocyte and stroma
ratios, integration of the two features can significantly promote the
performance.
3.5. Tumor-associated spatial organization features are robust
prognosticators for colorectal cancer

To analyze associations between infiltrating lymphocyte and
stroma ratios and RFS in detail, we stratified patients into four sub-
groups by the median values of ILR and ISR. Using Kaplan‐Meier sur-
vival analyses, we first compared the four subgroups of colorectal
patients in the TCGA‐CRC cohort. Overall, the four subgroups showed
a significant association with RFS (P = 0.0042, log‐rank test). More
specifically, patients with low ILR and high ISR had the worst survival,
which was concordant with previous studies that CRC patients with
lower immune activities and higher stromal infiltration tend to have
Fig. 3. Infiltrating lymphocyte and stroma ratios are significant prognosticators of
the TCGA cohort and (b) the SYS175 cohort. Patients were stratified into four
associations with RFS in the TCGA cohort and SYSU-165 cohort (P = 0.0042 and P
and high ISR displayed the worst prognosis in both cohorts. For patients with low IL
subgroups (P = 0.003 and P = 0.0029). However, for patients with high ILRs,
(P = 0.46 and P = 0.90). All p-values were calculated based on log-rank tests.
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poorer prognosis [29,8]. For patients with low ILR, there was a signif-
icant difference in RFS between ISR‐high and ISR‐low subgroups
(Fig. 3a, log‐rank test, P values = 0.003). In contrast, for patients with
high ILR, no significant RFS was observed between ISR‐low and ISR‐
high subgroups (Fig. 3a, log‐rank test, P value = 0.46).

We further validated the prognostic power of ILR and ISR in an
independent in‐house cohort (SYSU‐165). Based on the tissue classifi-
cation results, we first calculated the tumor‐associated SOFs. Patient
samples were stratified into the four subgroups using the same criteria
as defined in the TCGA‐CRC dataset. Overall, the four‐group classifier
also demonstrated significant prognostic power (P = 0.034, log‐rank
test, Fig. 3b). Consistent with the TCGA‐CRC cohort, we also found
that the ILR‐low groups showed significantly different survival in
ISR‐high and ISR‐low subgroups (P = 0.0029, log‐rank test, Fig. 3b).
The subgroup with low ILR and high ISR displayed the worst progno-
sis. However, no significant difference in RFS was observed in patients
with high degrees of lymphocyte infiltration (P = 0.90, log‐rank test,
Fig. 3b). Together, our results suggest that a high level of lymphocyte
infiltration may surpass the effect of stromal infiltration regardless of
stromal content. However, stromal infiltration will be essential for
RFS in patients with low degrees of immune activity.
4. Discussion

It is increasingly clear that tumor heterogeneity underlies the
diverse clinical outcomes of colorectal cancer patients, posing a signif-
icant challenge to accurate stratification of patients for more opti-
mized therapy [32–35]. H&E stained histology slides contain rich
information about tumor microenvironment, which can be exploited
as potential quantitative biomarkers for disease classifications to assist
post‐surgery decision making. More specifically, recent studies in dig-
ital pathology have found that the morphologies and distributions of
different types of cells and tissues, as well as their interactions, may
be closely associated with cancer development and metastasis
[36–38]. Unfortunately, the complex cellular and tissue architectures
are often difficult to be accurately quantified and evaluated even by
experienced pathologists. In this study, we developed CRC‐SPA, an
CRC. Kaplan-Meier analyses of Infiltrating lymphocyte and stroma ratios in (a)
subgroups by the median values of ILR and ISR, which showed significant
= 0.034), respectively. Among the four subgroups, the subgroup with low ILR
Rs, we observed a significant difference in RFS between ISR-high and ISR-low
no significant RFS was observed between ISR-low and ISR-high subgroups
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accurate, robust, and efficient deep learning‐based framework for tis-
sue classification of histology slides and quantitative analysis of spatial
organization features. Empowered by AI, CRC‐SPA provides an auto-
mated solution for systematic profiling of tissue architecture in the
tumor microenvironment. Using a public cohort (TCGA‐CRC) and an
independent in‐house cohort, we demonstrated the validity and clini-
cal values of spatial organization features calculated by CRC‐SPA.

CRC can be stratified into four molecularly distinct subtypes
(CMSs), associated with distinct molecular features and clinical out-
comes. We found that the spatial organization features quantified by
CRC‐SPA recapitulated the representative characteristics of the four
CMSs, suggesting that the molecular properties and tissue architec-
tures can be mapped to each other. The molecular‐pathological link
is also evident by the significant correlations between whole‐slide
SOFs calculated by CRC‐SPA and the fractions of different cell types
derived from ESTIMATE. Despite the wide adoption of CMS as a stan-
dard for CRC classification, the CMS classifier requires whole‐genome
gene expression data, which is difficult to implement in clinical prac-
tice. Furthermore, transcriptomic profiling relies on high‐quality fresh
tissue samples, which are usually not available. More widely available
in the clinic are FFPE samples, but RNA degradation often results in
poor‐quality and unstable gene expression profiling, leading to unreli-
able molecular subtyping (e.g., CMS classification) and cellular decon-
volution (e.g., ESTIMATE analysis). Computational algorithms such as
ESTIMATE can also quantify the levels of immune and stroma infiltra-
tion based on deconvolution of bulk‐tissue gene expression data [29].
However, they represent ‘indirect’ evaluation potentially affected by
the accuracy of the immune/stroma signature genes, the algorithm
itself and also the gene expression data with mRNA degradations,
which may explain the insignificant association with RFS (Table 2).
Compared to transcriptomic analysis, CRC‐SPA only needs histology
slides that are more straightforward, much more cost‐efficient and
widely accessible and therefore provides a more superior solution
for clinical implementation.

In addition to the molecular associations, the spatial organization
features calculated by CRC‐SPA also demonstrated clinical values.
More specifically, we found that infiltrating lymphocyte ratio (ILR)
and infiltrating stroma ratio (ISR) were both prognostic in the two
independent CRC cohorts. The lymphocyte and stromal contents in
the tumor microenvironment have been reported to be associated with
cancer progression and prognosis in several malignancies [39–43].
However, the prognostic power of the combination of infiltrating lym-
phocytes and stroma remains unclear in colorectal cancer. Based on
ILR and ISR values, we stratified CRC patients into four subgroups.
The worst RFS was observed in the subgroup of patients with low
ILR and high ISR, which is consistent with previous studies that
tumor‐associated stromal cells are associated with cancer progression,
invasion, and metastasis [8,18,21,29]. More interestingly, we found
the effect of stromal infiltration on RFS was only observed in ILR‐
low patients but not ILR‐high patients, suggesting the importance of
tumor microenvironment with immune activation. Importantly, previ-
ous studies of the clinical associations of SOFs were mainly based on
hand scoring by pathologists that are less quantitative and much more
labor‐time demanding [18–21]. Other studies were based on cell clas-
sification involving more image processing steps such as segmentation
and therefore were less efficient than tissue classification based on
CRC‐SPA [44–47]. Furthermore, gene expression‐derived immune
and stromal infiltration scores failed to show any significant associa-
tions with RFS, demonstrating further the superiority of CRC‐SPA.

Technically, CRC‐SPA was trained based on the Kather’s hand‐
delineated image datasets [14]. However, it achieved higher classifica-
tion accuracy by customizing some network layers, modifying the
learning rate, selecting the Adam optimization algorithm, which has
the advantages to handle noisy samples and gradient sparsification
in a different platform [28]. Similar to our study, Kather et al. also
found that different CMSs had significantly different distributions of
8

lymphocyte and stroma activities extracted from the features in the
output neurons of their deep CNN. However, it is hard to explain what
exactly the features are, and the potential correlations of other tissue
types with CMSs were not discussed. They further developed a deep
stroma score by the combined activations of several tissue types,
which was still an indirect feature that is hard to interpret. Different
from the indirect deep features, the whole‐slide SOFs calculated by
CRC‐SPA were based on direct quantification of relative abundance
of image patches classified to specific tissue types, which clearly dis-
played significant associations with the four molecular subtypes of
CRC. Notably, it is the first time that we found direct evidence that
CMS3 tumors have a higher abundance of mucus tissues, which is con-
sistent with previous molecular characterizations of this specific CRC
subtype [8].

Despite the demonstrated usefulness of CRC‐SPA, there are some
limitations to this study. First, although we found ISR and ILR were
associated with prognosis, we did not explore the potential interac-
tions between different types of tissue, which could be valuable in
the tumor microenvironment. Second, histopathology image analysis
has the known issue of sampling bias caused by intra‐tumor hetero-
geneity, which is challenging to find a perfect solution. Due to the lim-
itation that only one representative H&E slide was selected by
pathologist for each tumor in the public cohorts and our in‐house
cohort, we were not able to evaluate potential heterogeneity within
individual tumors in this study. Although this study is focused on
inter‐tumor heterogeneity, it will be an important future work to
investigate potential intra‐tumoral heterogeneity by expanding our
in‐house cohort. Third, a large‐scale multi‐center cohort study is nec-
essary to further confirm the utility of CRC‐SPA before its application
in the clinical practice.

5. Conclusion

In conclusion, we developed a robust and efficient deep learning‐
based framework—CRC‐SPA for accurate tissue classification and pro-
filing of spatial organization features based on histology images. The
whole‐slide SOFs quantified by CRC‐SPA recapitulated the representa-
tive characteristics of consensus molecular subtypes. Using two inde-
pendent CRC cohorts, we demonstrated the prognostic value of
infiltrating lymphocyte and stroma ratios, which warrants further opti-
mization and validation in future studies.
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