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of cancer by using the rich combination of tumor cellular content and genomic data.
The quantitative and objective nature of this integrated predictor could benefit diagnosis and prognosis in many areas
of ER-negative patients, and this outcome difference was significantly enhanced with the addition of gene expression. 

restquantified by their image analysis platform were found in a subset of patients with better clinical outcome than the 
negative patients. Higher number of infiltrating lymphocytes (immune cells) as−of survival for estrogen receptor (ER)

Yuan and colleagues combined their digital pathology with genomic information to devise an integrated predictor

 status compared with uncorrected data.HER2were able to correct copy number data to more accurately reflect 
obtaining a plot of tumor cellular heterogeneity. With exact knowledge of the tumor's cellular composition, the authors
This approach was validated on the remaining samples, and any errors in this analysis were digitally corrected before 
approach that automatically classified cells as cancer, lymphocyte, or stroma on the basis of their size and shape.
564 breast cancer patients. Using a portion of the images (the ''discovery set''), they developed an image processing 

 first collected histopathology images, gene expression data, and DNA copy number variation data foret al.Yuan 

survival.
analyses, the authors were able to uncover new knowledge about breast tumor biology and, in turn, predict patient 
colleagues have developed a quantitative, computational approach to pathology. When combined with molecular
spatial and cellular readout (architecture and content), but it is mostly qualitative information. In response, Yuan and 
because all this ''extra'' genomic information can muddle the results. Conversely, biopsy tissue staining can provide a
cells, immune cells, and even normal, healthy cells. Molecular analysis of tumor tissue is therefore a challenging task 

The tumor microenvironment is a complex milieu that includes not only the cancer cells but also the stromal
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CANCER
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Solid tumors are heterogeneous tissues composed of a mixture of cancer and normal cells, which complicates the

interpretation of their molecular profiles. Furthermore, tissue architecture is generally not reflected in molecular

assays, rendering this rich information underused. To address these challenges, we developed a computational

approach based on standard hematoxylin and eosin–stained tissue sections and demonstrated its power in a

discovery and validation cohort of 323 and 241 breast tumors, respectively. To deconvolute cellular heterogeneity

and detect subtle genomic aberrations, we introduced an algorithm based on tumor cellularity to increase the

comparability of copy number profiles between samples. We next devised a predictor for survival in estrogen

receptor–negative breast cancer that integrated both image-based and gene expression analyses and significantly

outperformed classifiers that use single data types, such as microarray expression signatures. Image processing also

allowed us to describe and validate an independent prognostic factor based on quantitative analysis of spatial pat-

terns between stromal cells, which are not detectable by molecular assays. Our quantitative, image-based method

could benefit any large-scale cancer study by refining and complementing molecular assays of tumor samples.

INTRODUCTION

A major obstacle in refining molecular cancer signatures is the cellular
heterogeneity and complex tissue architecture of most tumor samples,
which consist of cancer cells as well as immune and other stromal cells.
These cells form an integral part of the tumor microenvironment, but
their admixture poses severe challenges for molecular assays, particu-
larly in large-scale analyses of hundreds or thousands of patient sam-
ples, such as The Cancer Genome Atlas (1) or the International Cancer
Genome Consortium (2). One major challenge is normal cell contamina-
tion, which can dilute cancer cell information and compromise detection
sensitivity of somatic copy number events (3). Microdissection can help
to selectively extract cancer cells (4) but is labor-intensive and cannot be
easily scaled to many samples. A second challenge is that spatial features
of tissue architecture are lost in molecular assays, rendering it impossible

to assess co-location and other cellular interactions within the tumor
microenvironment (5).

General cellular heterogeneity in a sample can be assessed by a
pathologist visually examining stained slides of the tumor. Like micro-
dissection, a detailed histopathological analysis of cellular composi-
tion is time-consuming and often infeasible for large-scale studies.
Pathological scores reflect primarily the density of tumor cells seen
in a given area (6) (cell-to-area ratio), and less so the cancer cell pro-
portion (cell-to-cell ratio), which could be used to estimate the cancer
DNA content. Thus, pathological scores are poorly suited to deconvolute
signal to noise in molecular assays. Cellularity assessments by pathol-
ogists also generally yield qualitative results on coarse ordinal scales
and rarely provide quantitative data. Conversely, computational and
statistical inference from molecular data can be applied to large data
collections and yield quantitative results. For example, lymphocytic in-
filtration (LI) can be inferred from gene expression data (7), as can
cellularity from single-nucleotide polymorphism (SNP) data (8, 9).
However, compared to a pathologist’s assessment, these approaches
are indirect and often strongly rely on statistical assumptions (10).

To draw on both the richness of histopathological information and
the speed and quantitative results of computational analyses, we have
developed a systematic approach that exploits the most widely used
method in histological diagnosis, images of hematoxylin and eosin
(H&E)–stained solid tumor sections. In two large cohorts of breast can-
cer patients, we show how an image-based approach can increase the
power of molecular assays and complement them to uncover prog-
nostic features not visible in molecular data. Our integration of histo-
pathology and genomics extends recent approaches that only identified
morphological features predictive of patient survival by image analysis
(11). Our approach could improve clinical assessment of breast cancer
by removing the variability in subjective histological scoring between
pathologists, using a combination of molecular signatures and features
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of the tumor tissue architecture for an objective stratification of
breast cancer.

RESULTS

Automated image analysis dissects cellular heterogeneity
of human tissue sections
We collected matched H&E-stained images, gene expression data, and
copy number variation data for a discovery set of 323 breast cancer
patients and for an independent validation set of 241 breast cancer

patients as part of the METABRIC collection (12). Each of the H&E
images contained histopathological sections from the top, middle,
and bottom of the tumor adjacent to the parts used for DNA and
RNA profiling (Fig. 1). Our image processing approach automatically
segments H&E images, detects artifacts arising from differences in sec-
tion thickness and staining variation, and classifies cellular components
into three categories: cancer, lymphocyte, or stromal. This is based on
morphological features (table S1) using a support vector machine (SVM)
classifier (13) that has been trained by a pathologist (Fig. 2A). The cel-
lular categories were broadly defined by nuclear morphology in the
H&E images (Fig. 2B). Malignant cells typically have large (>10 mm),

Fig. 1. Parallel image analysis and molecular profiling of breast tumors
for automated assessment of tumor composition. Data were obtained
from frozen tumor samples from two independent patient cohorts. To

best recapitulate tumor architecture, we took 5-mm sections for imaging
from the top, middle, and bottom portions of the tumor, sandwiching
sections that were used for DNA and RNA profiling.

Fig. 2. The proposed image processing pipeline for uncovering cellular
heterogeneity. (A) On the basis of their nuclear morphologies in H&E-
stained images, individual cells were first classified into cancer cells
(green), stromal cells (red), or lymphocytes (blue) with supervised clas-
sification techniques. In a second step, spatial smoothing refined the
result by incorporating labels of neighboring cells; for example, the
white arrow points to a cancer cell that was misclassified in the first step
but was then corrected in the second step. Last, the system outputs the
numbers and locations of cell types in each tumor. (B) Example images

of the four different classes used in the classifier: cancer cells, stromal
cells, lymphocytes, and artifacts like blurred or folded regions. Scale bars,
10 mm. (C) The density of cancer cells in each H&E-stained tumor slide can
be visualized as a heat map. The arrow indicates an artifact of the cutting
process that was automatically discarded from further analysis. (D) A
global overview of the distribution of cell types in 323 breast tumors (dis-
covery set) in a triangle plot, where each dot represents a tumor and the
three axes represent the proportions of cancer cells, lymphocytes, and
stromal cells. Thin colored lines represent the 50% mark for each cell type.
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round nuclei. The stromal class was trained on spindle-shaped stromal
cell nuclei (likely to be fibroblasts) and may encompass other stromal
cellswith similarmorphology, such as endothelial cells. The lymphocyte
class was trained on immune cells with the distinctive morphology of
lymphocytes: small (<8 mm), dark nuclei and not much cytoplasm.

In a second step, we incorporated a spatial kernel smoothing tech-
nique (14) and a hierarchical multiresolution model to aggregate in-
dividual labels into a final prediction. Although spatial smoothing
corrects for local, sporadic errors, the hierarchical model facilitates
large-scale relabeling based on global features of the tumor by describ-
ing clusters of cells instead of individual cells using a multiresolution
predictor. This hierarchical information flow enables pattern recognition
in a manner close to human perception because pathologists identify
cancer cells based not only on cells’ appearances but also on their spa-
tial organization. As a result, cross-validation within the training set
yielded an overall classification accuracy of 90.1% (table S1). Spatial dis-
tributions of cancer cells, stromal cells, and lymphocytes in a sample can
be visualized in a heat map (Fig. 2C and fig. S1), and cellular heteroge-
neity of a complete data set can be summarized in a triangle plot, where
each axis represents one of the three cell types (Fig. 2D). Detailed de-
scription and implementation of our pipeline, together with reproduc-
ible code and data, are provided in the Supplementary Materials as
Sweave files and an R package CRImage.

Image classifications are consistent with
pathology and biology
To assess the validity of our image analysis platform, we first cor-
related it with commonly used clinical scores for cellularity and LI.
Our quantitative scores of cancer cell density (cell-to-area ratio) corre-
lated with the pathologists’ scores [Fig. 3A; P = 2 × 10−11, Jonckheere-
Terpstra (JT) test]. Our approach directly estimated tumor cellularity
(cancer DNA content) by cancer cell proportions (cell-to-cell ratio),
which also correlated with the pathologists’ scores (Fig. 3B; P = 6 ×

10−8, JT test). Our estimates of LI also agreed with the pathological
scores (Fig. 3C; P = 1.9 × 10−24, JT test). Cell type proportions correlated
with a pathologist’s quantitative evaluation of a representative subset
of 10,000 cells in 20 tumors (Fig. 3D) (Supplementary Materials).

Because cellular heterogeneity can be reflected on the molecular
level, we correlated cellular proportions with gene expression data.
Functional enrichment analysis (15, 16) showed expected enriched
pathways and biological processes for the genes highly correlated with
the cellular proportions of each cell type, using both KEGG (15) (fig.
S2 and table S2) and gene ontology (16) (table S3) databases. For
example, in KEGG, “cell division” and “cell cycle” pathways were cor-
related with the proportion of cancer cells; “angiogenesis” and “ECM-
receptor interactions” with the proportion of stromal cells; and “B cell
receptor signaling pathway” and “T cell activation” with the proportion
of lymphocytes. In addition, known cell type–specific markers posi-
tively correlated with cell proportions (fig. S2). The proportion of can-
cer cells correlated with overexpression of cell cycle genes, including
E2F5 and MCM7, and the proportion of stromal cells correlated with
overexpression of genes encoding extracellular matrix proteins, in-
cluding FBLN1, FBLN2, COL6A2, and COL6A3. Last, the proportion
of lymphocytes correlated with overexpression of genes encoding
apoptosis-related proteins, such as DFFB. Together, these observations
based on pathological review, curated biological databases, and
known gene markers support the biological validity of our image
analysis results.

Quantitative tumor cellularity estimates correct cancer
copy number profiles
Existing statistical methods estimate tumor cellularity indirectly from
molecular data by assuming independence of allele-specific signals,
identification of discrete copy number events (17), or equality of copy
number in different clones, which can often be unrealistic. We avoided
these assumptions by calculating tumor cellularity as the cancer cell

Fig. 3. Quantitative estimates of cell abun-
dances compared to pathological scores.
(A to F) The histograms show the distribu-
tions of quantitative estimates in the discov-
ery (A to C; n = 323) and validation (D to F;
n = 241) sets, whereas the box plots stratify
them according to pathological scores (y
axis). (A and D) Density of cancer cells ver-

sus pathological cellularity scores of high, moderate, or low. (B and E) Proportion of cancer cells in all cells (an estimate of cancer DNA content) versus
pathological cellularity scores. (C and F) Proportion of lymphocytes versus pathological scores of “absent,” “mild,” or “severe” LI. (G) Cellular proportions
obtained by automated image analysis compared to counts by a pathologist for a total of 10,000 cells in a representative set of 20 tissue samples.
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proportion directly from H&E images and then correcting copy num-
ber data using a statistical model for the log ratio (LR) between ob-
served and expected signal intensities and the B-allele frequency (BAF),
a normalized measure of the allelic intensity ratio. We first segmented
copy number events on the basis of LR values and then rescaled LR and
BAF in each segment according to quantitative cancer cell propor-
tions. In this way, we avoided an inflation of spurious events by only
scaling copy number segments called on the original,
uncorrected data.

Cellularity-corrected copy number profiles are able
to remove effects of normal cell contaminations in the
original profiles. For instance, in Fig. 4A, the uncorrected
data exhibited a contradictory pattern where the q arm
had four bands in the BAF plot (indicating an amplified
region), whereas the corresponding LR values were neg-
ative (indicating a loss). This effect was due to normal
cell contamination, which made the typical two-banded
pattern of a loss appear as four bands, and was greatly
reduced in the corrected BAF plot. Thus, cellularity cor-
rection produces cleaner profiles that make it easier to
discriminate between copy number regions and to de-
limit breakpoints. To computationally evaluate our
algorithm on a global scale, we contrasted the ratio of
between-segment variance to within-segment variance
(signal-to-noise ratio) in the original and corrected pro-
files for all samples in both the discovery and the valida-
tion sets (Fig. 4B). All points lie above the main diagonal,
indicating that our algorithm globally increased the
signal-to-noise level of somatic aberrations.

To experimentally evaluate the accuracy in recover-
ing important aberration lost due to contamination,
we concentrated on HER2 (human epidermal growth
factor receptor 2) amplifications—one of the most im-
portant aberrations for breast cancer diagnostics. Es-
timates of HER2 amplification from corrected and
uncorrected microarray data were compared with
events validated by the current clinical gold standard,
fluorescence in situ hybridization (FISH), on paraffin-
embedded samples from the same tumors (Supplemen-
tary Materials). In a set of 78 samples, FISH found
4 samples with low-level and 12 samples with high-level
HER2 amplifications [a total of 21% of the cases, con-
sistent with previous studies (18, 19)]. Corrected micro-
array copy number data showed higher concordance
to FISH scores than the uncorrected data (Fig. 4C).

To validate our cellularity correction algorithm in
the controlled setting of a dilution series, we obtained
copy number profiles from human breast cancer cell
line HCC2218 and its matched normal breast cell line
HCC2218BL. We applied our copy number correction
algorithm and compared diluted cancer DNA profiles
to the pure cancer profile. Cellularity correction in-
creased sensitivity to detect DNA aberrations by an
average of 1.6-fold (±0.6/SD) while keeping specificity
stable over the whole range of tumor cellularity found
in the patient samples (30 to 90%, Fig. 4D). In sum-
mary, our algorithm enabled discovery of focal aber-
rations that could have been lost due to heterogeneous

cellular composition and made copy number events comparable across
samples of varying tumor cellularity.

Histopathologic-genomic integration predicts estrogen
receptor–negative breast cancer survival
In a second application, we show how our quantitative analysis of LI
can predict survival of estrogen receptor (ER)–negative breast cancer

Fig. 4. Quantitative cellularity scores correct copy number profiles. (A) A genomic deletion on
chromosome 11 is shown by LR and BAF before and after correction. (B) Cellularity correction
increases the signal-to-noise ratio in copy number profiles. The large plot is the discovery cohort
(n = 323), and the inset is the validation cohort (n = 241). Each dot in the scatter plot represents
the ratio of between-segment variance to within-segment variance for one chromosome in a
sample before (x axis) and after (y axis) correction. (C) Comparison of HER2 status established by
FISH to HER2 copy number levels from microarray data (n = 78). P values were determined by
Student’s t test. (D) Sensitivity and specificity for original and corrected copy number profiles in a
tumor DNA dilution series compared to the profile obtained from the pure (100%) cancer cell
line. Box plots show variation over a range of possible cutoffs to identify aberrations. The gray
area spans the region of tumor cellularity (≥30%) observed in the patient samples.
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patients. Within ER-negative breast cancers, there are different clin-
ical outcomes, which are thought to be influenced by the tumor mi-
croenvironment (20), and gene expression signatures of LI have
identified a subset of ER-negative breast cancer patients with better
prognostic outcomes (7, 21, 22). High LI may reflect an immune
recognition of the tumor, leading to an active immune response.
ER-negative samples with few lymphocytes may thus be associated
with poor immune function and unimpeded tumor growth. There-
fore, quantifying the lymphocyte proportion in ER-negative cancer
may distinguish cases with active versus less-active antitumor immune
responses.

Our quantitative approach directly interrogated lymphocytic pro-
portions in ER-negative patients (discovery, n = 54; validation, n = 61)
using H&E-stained images. Using the discovery set to calibrate a
threshold for lymphocytic proportions (fig. S3), we stratified both dis-
covery and validation cohorts into LI-low (<8%) and LI-high (≥8%)
subgroups. Kaplan-Meier survival curves revealed distinctly different
outcomes for these two groups in both cohorts, where higher lympho-

cyte proportion is associated with good outcome (Fig. 5A). Multi-
variate Cox regression showed that lymphocytic proportion is a
prognostic factor independent of node status, size, and grade in both
sample sets (Table 1).

Compared to pathological scores, our image-based LI estimates
have consistent prognostic values indicated by both concordance
and hazard ratio (Table 1). The categorical pathological scores in
the discovery set showed no difference in outcome among different
LI groups, whereas the validation set showed a poor prognosis in
the LI-low group (Fig. 5A).

We compared the performance of our image-based method and
previous gene expression–based estimates (7) to determine LI and
patient outcome. An SVM predictor constructed using a published
expression signature (7) (Supplementary Materials) achieved 67 ±
4.7% cross-validation accuracy in predicting ER-negative breast
cancer survival (mean and SD of 20 repeats), whereas an SVM using
our image-based signature improved the accuracy to 75 ± 1.5%. Both
approaches accurately identified the nonsurviving patients as LI-low

Fig. 5. LI scored by image analysis, pathologists, a gene expression sig-
nature, and a proposed integrated predictor in ER-negative breast
cancer. (A) Kaplan-Meier curves of ER-negative tumors comparing LI
scored by image analysis and by pathologists. For both discovery (n =
54) and validation (n = 61) cohorts, tumors were split into two groups
on the basis of image-based lymphocyte proportions, where weak LI
(≤8%) was called LI-low and severe LI (≥8%) was called LI-high. The same

samples were also categorized by pathologists as absent, mild, or severe LI.
(B) Scatter plot of image-based LI scores and a published gene expression
signature for LI (7). Colors correspond to an integrated classifier using both
types of information. (C) Kaplan-Meier curves for samples with expression
data (discovery set, n = 54; validation set, n = 45) stratified by image-based
lymphocyte proportions, expression signature, and integrated predictors.
P values in (A) and (C) were calculated with the log-rank test.

R E S EARCH ART I C L E

www.ScienceTranslationalMedicine.org 24 October 2012 Vol 4 Issue 157 157ra143 5

 o
n
 J

a
n
u
a
ry

 8
, 
2
0
1
3

s
tm

.s
c
ie

n
c
e
m

a
g
.o

rg
D

o
w

n
lo

a
d
e
d
 f
ro

m
 

http://stm.sciencemag.org/


(Fig. 5B) but agreed less well on the set of survivors (correlation r =
0.24), suggesting that respective biases of survival are orthogonal.
Therefore, we reasoned that a joint classifier would yield improved
diagnostic performance. Our SVM predictor integrating gene expres-
sion and image data achieved 86 ± 3.0% cross-validation accuracy and
improved stratification of the patient cohorts (Fig. 5C). Death rates
within 5 years of diagnosis of the LI-low groups as determined by both
data sources were 92 and 78% in discovery and validation cohorts,
respectively. Integrating images with molecular data improved the sep-
aration of outcome in patient groups and located patients with poor
prognosis in both cohorts.

Spatial distribution of stromal cells is an independent
prognostic factor for survival
Our image-based approach allowed us to quantitatively analyze tumor
architecture and base prognosis on cellular patterns in the tumor micro-
environment that are invisible to molecular assays. Spatial variations

between cell types have previously been reported in small collections
of breast cancers (23). To describe whether specific cell types are con-
fined in clusters or uniformly scattered, we computed a quantitative
score based on Ripley’s K function (24) (Supplementary Materials).
The K score summarizes pairwise distances between a single type of cells
and assigns a high score to highly clustered patterns and a low score to
randomly scattered patterns (fig. S4). Only in stromal cells, this score
identified a high-risk subgroup of ER-negative patients within the inter-
quartile range (25 to 75% quantiles) (Fig. 6A) of the population in
both discovery and validation sample sets. Patients with high or low
K score (extreme K), indicating highly clustered or randomly scattered
stromal cell patterns, have a significantly better outcome than other
patients (medium K) (Fig. 6B).

The K scores did not correlate with the cell-to-area ratio, indicating
that this association is not related to cell density (Fig. 6C). ER-positive
patients show no stratification difference (fig. S5), suggesting that
the prognostic value of stromal cell patterns is specific to ER-negative

Table 1. Prognostic values of various factors in ER-negative tissue
samples with expression data. Both univariate (uni-) and multivariate
(multi-) Cox regression models were considered for the discovery (n =
54) and validation (n = 61) cohorts. Proposed new prognostic factors in

this paper are shown in italics. Nodes were characterized as negative or
positive. Tumor size was described as small, medium, or large. Tumor
grade was classified as low, medium, or high. HR (CI), hazard ratio (lower-
upper 95% confidence interval).

Prognosticator Variable
Discovery set Validation set

HR (CI) P Concordance HR (CI) P Concordance

Image-based lymphocyte proportion Uni- 0.27 (0.08–0.88) 0.03 0.685 0.4 (0.16–0.98) 0.044 0.6

Multi- 0.21 (0.06–0.71) 0.013 0.751 0.3 (0.11–0.79) 0.015 0.697

Multi-node 1.79 (0.54–5.97) 0.345 0.85 (0.29–2.51) 0.77

Multi-size 2.9 (0.89–9.47) 0.078 2.58 (1.09–6.13) 0.031

Multi-grade 3.56 (0.3– 41.97) 0.313 0.77 (0.29–2.08) 0.612

Pathological LI score Uni- 0.69 (0.22–2.12) 0.516 0.545 0.24 (0.07–0.81) 0.022 0.577

Multi- 0.47 (0.14–1.58) 0.223 0.702 0.09 (0.02–0.47) 0.004 0.615

Multi-node 2.08 (0.6–7.22) 0.246 1.34 (0.41–4.38) 0.626

Multi-size 2.46 (0.76–7.9) 0.132 2.69 (1.2–6.05) 0.017

Multi-grade 1.82 (0.16–21) 0.631 1.03 (0.35–3.07) 0.955

Expression LI signature Uni- 0.82 (0.25–2.66) 0.74 0.531 0.36 (0.15–0.87) 0.022 0.646

Multi- 0.59 (0.17–2.04) 0.409 0.694 0.36 (0.13–1.01) 0.053 0.699

Multi-node 2.32 (0.62–8.68) 0.213 0.74 (0.26–2.12) 0.579

Multi-size 1.91 (0.64–5.73) 0.245 1.47 (0.66–3.25) 0.344

Multi-grade 1.1 (0.1–11.61) 0.935 0.85 (0.34–2.15) 0.736

Integrated LI Uni- 0.03 (0.01–0.16) 0.00012 0.836 0.17 (0.07–0.46) 0.00039 0.711

Multi- 0.02 (0–0.12) 6 × 10–5 0.882 0.08 (0.02–0.3) 0.00013 0.772

Multi-node 0.4 (0.08–2) 0.266 0.25 (0.07–0.9) 0.034

Multi-size 1.44 (0.56–3.69) 0.448 2.57 (0.99–6.72) 0.053

Multi-grade 10.4 (0.83–130.71) 0.07 1.17 (0.46–2.96) 0.739

Stromal spatial pattern Uni- 3.55 (1.09–11.59) 0.036 0.666 2.84 (1.09–7.41) 0.033 0.618

Multi- 4.82 (1.25–18.49) 0.022 0.769 3.58 (1.27–10.06) 0.016 0.693

Multi-node 1.59 (0.47–5.41) 0.46 0.84 (0.3–2.33) 0.739

Multi-size 2.49 (0.88–7.06) 0.087 2.65 (1.15–6.12) 0.022

Multi-grade 0.64 (0.06–7.4) 0.723 1.1 (0.41–2.96) 0.853
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tumors. In multivariate Cox regression, we verified that the stromal
cell spatial pattern is a prognostic factor independent of node, size,
and grade in both cohorts (Table 1). After multiple testing correc-
tions for correlations between gene expression and this spatial stro-
mal pattern, we found no significant correlation, indicating that we
identified features in the higher-order organization of the tumor that
are augmenting—not supplanting—molecular characterizations. Little
overlap between the two image-based stratifications (LI and stromal
spatial pattern) (fig. S6) suggests potential of aggregating these two
factors. Our observations corroborate a recent analysis of morpholog-
ical features predictive for survival (11), which showed the importance
of spatial relationships between cells in the tumor tissue and found a
strong impact of stromal features on survival.

DISCUSSION

Pathological analysis of tumor architecture and cell morphol-
ogy has a long history, reaching back to the 19th century.
Applying modern, automated image analysis procedures to
large sample collections promises new quantitative insights
in this well-established field. For example, by analyzing tissue
microarrays, a recent study by Beck et al. (11) found a sur-
prising role for stromal tissue in predicting overall survival of
breast cancer patients. Here, we have extended this line of
research by integrating pathology with genomics in two large
independent cohorts to advance prognostic markers as they
relate to cancer subtypes. Gene expression and copy number
alteration data have refined tumor classification strategies; we
show here how automated pathology that exploits a widely
available, yet underused, resource (H&E-stained tissue sec-
tions) can improve clinical diagnosis. Our approach—freely
available as an R package—quantifies cellular heterogeneity
of tumors from H&E images and uses this information to
complement molecular data. In particular, we show that the
proportion of lymphocytes in a tumor is complementary to
gene expression signatures for lymphocyte infiltration and
that integrating both types of evidence boosts survival predic-
tion: The gene expression classifier had 67% cross-validation
accuracy in predicting disease-specific deaths, the image-based
classifiers had 75%, and the integrated classifier reached 86%.

It is crucial that the cellular heterogeneity quantifications
are accurate and objective for the purpose of integration with
molecular data. Our image processing system was accurate in
quantifying cellular contents, as evaluated by both categor-
ical and cell-counting pathological assessment. Meanwhile, it
avoids biases or discrepancies arising from manual scoring.
Pathological scores of LI were prognostic in one cohort scored
by a single pathologist but lost power in the other cohort
scored by multiple pathologists. In contrast, image-based LI
scores differentiated good and poor outcome groups in both
cohorts, thereby providing a solution for removing variances
between different pathologists.

Our approach has the potential to provide new clinical
predictors and better understanding of the tumor micro-
environment by using already available histopathological in-
formation. Here, we found that stromal cell patterns (spatial
arrangement) in tumors can be independent prognosticators
for breast cancer. These findings add to an increasing body
of evidence demonstrating the role of the stroma in mediating

breast tumor development and in promoting tumor growth (11, 25–28).
Although the mechanistic basis underpinning the prognostic value of
stromal patterns is not known, our findings highlight the importance
of accounting for architectural differences in attempting to understand
tumor-microenvironment interactions.

The biggest limitation of this approach is that it requires matched
molecular and image data. Fortunately, major international consortia
(1, 2, 12) that collect large compendia of molecular data also routinely
collect histopathological images. H&E stainings as we use them only
provide coarse information on specific cell types, and more specific stain-
ings are needed to identify, for example, different types of immune cells.
This might partly explain the lack of correlation we observe between
gene expression signatures for LI and lymphocyte counts from images.

Fig. 6. Spatial patterns of cells define prognostic subtypes for ER-negative tu-
mor samples. The K score summarizes the degree of clustering for a single type
of cells and assigns a high score to highly clustered cell patterns and a low score
to randomly scattered patterns. (A) Breast cancer–specific deaths (black lines) are
enriched in the interquartile range (red bars) of the K score distribution (gray his-
togram). (B) Kaplan-Meier curves of patients in both cohorts that have sufficient
stromal cells for computing the spatial scores (discovery set, n = 52; validation
set, n = 60), with medium K scores (within interquartile range of the distribution)
and extreme K scores (outside interquartile range). P values were calculated with
the log-rank test. (C) Scatter plots comparing stromal cell K score and stromal cell-
to-tissue area.
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Another limitation is the quality of images. In particular, frozen tumor
slides contain many artifacts of the cutting process. Additionally, large
collections can suffer from variability in stainings and batch effects.
We screen for artifacts during the automated classification, but more
work has to be done to further refine automated quality assessment of
images, normalization of varying degrees of staining, and removal of
batch effects.

Our image analysis methods can be applied to paraffin-embedded
sections, which in general have fewer artifacts than frozen sections. The
approach we describe may also be used for other epithelial cancer types
and to deconvolute different molecular assays; for example, proportions
of different cell types could be incorporated into established methods
for gene expression deconvolution (29, 30), and next-generation se-
quencing data can be corrected much like how we treated microarray
copy number data (31). Because our algorithms rely on the quality of
histopathological stainings and images, with more and better quanti-
tative systems for computational analysis of pathological images, we
expect such analytical methods to become more accepted and widely
implemented in pathology laboratories.

What has limited translation to clinical practice to date is the gap
between visual pathological and quantitative molecular analyses,
which our integrated approach will help to bridge by using unbiased
quantitative methods in both areas. The availability of tools for digital
image analysis, such as the ones reported here, together with wide-
spread genomic characterization of tumors, will provide us with an
unprecedented systems-level view of cancer, which will have profound
practical consequences in the way cancer hospitals and clinics will
be set up in the future. Pathology, clinical genomics, and bioinformatics/
computational biology will have to be fully integrated into cancer care.

MATERIALS AND METHODS

Sample collection
Primary frozen breast tumors from the discovery and validation sets
were collected and stained independently in different laboratories con-
tributing to the METABRIC consortium (12). All samples included
H&E images, and the majority had molecular data passing quality con-
trol (discovery, 318 of 323; validation, 225 of 241). Control DNA from
match normal breast tissues was available for 473 samples and RNA
from 144 of these individuals. Details about the sample makeup and
selection can be found in (12). All histopathological images were scanned
with a ScanScope TX scanner (Aperio Technologies Inc.) providing
images at 200-fold magnification. DNA and RNA were extracted from
each primary tumor specimen and subjected to copy number and geno-
type analysis on the Affymetrix SNP 6.0 platform and transcriptional
profiling on the IlluminaHT-12 v3 platform (Illumina_Human_WG-v3).

Image processing pipeline
Our image pipeline used an SVM classifier to provide initial classifi-
cation of cells based on morphological features, a kernel smoother to
account for the neighbors of a cell, and a hierarchical model for incor-
porating a global view of the image by a multiresolution information
flow (details provided in the Supplementary Sweave file). To train the
SVM classifier, a pathologist (H.R.A.) labeled 871 cells. The kernel
smoother then performed spatial smoothing for cells in spatial prox-
imity to cancer cells. Subsequently, a hierarchical model provided a
top-down view of the image by outlining cancer cell clusters to further

improve classification accuracy. This entire image processing pipeline
and the subsequent cellularity correction method are supplied as an
R package CRImage, together with code and data for reproducing all
our results available as Supplementary Sweave files.

Algorithm for cellularity correction
The algorithm we used to obtain corrected microarray copy number
data is described in detail in the Supplementary Materials.

Quantitative lymphocyte proportions contribute to accurate
prediction for ER-negative patient survival
We used the lymphocyte proportions as our image-based estimation
of LI in ER-negative samples. To train this LI estimation in the dis-
covery set and separate patients into LI-low and LI-high groups, we
first calculated P values using log-rank test with various cutoffs in the range
of 5 to 20% lymphocytes. The range was chosen to obtain reasonable patient
group sizes. The optimal P value was obtained at 8% cutoff (fig. S5). Hence,
to dichotomize the continuous image-based signature into two groups, we
used 8% lymphocytes as the threshold to differentiate low- and high-LI
groups.

In ER-negative samples, we compared the image-based lymphocyte
proportions with pathological scores in both discovery and validation sets.
Because there are different numbers of groups in the signatures, we used
the concordance index (32) to quantify the predictive ability of a survival
model. For each type of scores, we also calculate the P values from univariate
Cox proportional hazards regression models. For comparison among
different variables in Table 1, we merged mild and severe pathological
scores as “high” so that all signatures had LI-low and LI-high groups.

Theexpression signature. The expression signature of Calabrò et al.
(7) took the mean of standardized expression of 18 lymphocyte marker
genes, of which 13 were profiled and passed quality check in our data:
LCK, CD8A, CD14, LTB, MS4A1, CD3E, CD3D, CD3G, CD19, CCL5,
CD79B, CD79A, and CD37. Patients were partitioned into two groups
with a size ratio of 1:2 (an LI-low group comprising one-third of the
patients, and an LI-high group with the remaining), following (7).

The SVM predictors. SVM predictors were built with a Gaussian
radial basis kernel (33) using the ksvm function from the kernlab R
package (34). Accuracy for the SVM predictions was calculated by
running 10-fold cross-validation 20 times.

Spatial patterns with the K function
Ripley’s K function provides descriptions of spatial point patterns at
different distance scales (24). With distance variable r and a total num-
ber of N points in the sampling region, K function is defined as follows:

KðrÞ ¼ ∑
i, j

Iðdi, j < rÞ � ei, j

l� N
ð1Þ

where dij is the distance between points i and j, l is the cell density in
the window, and eij is an edge correction function that is important to
avoid a biased estimation of K(r) owing to edge effects. K captures
spatial interdependencies between points over a range of distances r,
generating quantitative scores summarizing K(r) to characterize pat-
terns of points. However, our task is of high complexity and would be
computationally prohibitive: There are 61,090 ± 59,285 (median ± SD)
points/cells in a whole slide image, and the window space is highly
complex because of irregular sections and fragmented tissues. There-
fore, we adapted K function to a resampling scheme as our problem-
specific solution for our objective (Supplementary Materials).
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Quantitative scoring of stromal cell spatial
patterns in ER-negative tumors
Although spatial statistics have been applied to explore cell patterns
before (23), our task was challenging because frozen tissue sections
are of irregular shapes and often fragmented; as such, the window
for computing the K function (24) is complex. Moreover, whole-slide
images have a large number of points. The number of cells on a slide
ranged from 1000 to 250,000, which would be computationally pro-
hibitive for computing K with complex windows and edge correction.
Hence, we focused on adapting this statistical method to generate
scores comparable across samples (Supplementary Materials). Note
that some samples failed the computation if there were few stromal
cells or the tissues were too fragmented (discovery, 6 of 323; valida-
tion, 12 of 241).

Statistical methods
Survival analysis was performed with breast cancer–specific 10-year
survival data. Kaplan-Meier estimator was used for patient stratifica-
tion, and P values were calculated with the log-rank test. Cox propor-
tional hazards regression model (35) was fitted and 95% confidence
intervals were computed to determine the prognostic values of various
factors, where P < 0.05 was considered significant. Correlation was com-
puted with Spearman’s r. Tests for trends of continuous variables among
groups were performed with JT trend test (36) for an alternative hy-
pothesis that these variables have a monotone trend.

SUPPLEMENTARY MATERIALS

www.sciencetranslationalmedicine.org/cgi/content/full/4/157/157ra143/DC1

Materials and Methods

Fig. S1. Visualization of cancer cell distribution in a tumor section.

Fig. S2. Top genes expressed in different cell types and their enrichment.

Fig. S3. Selecting cutoffs for determining the image-based low lymphocyte infiltration (LI)

group in the discovery set of ER-negative samples.

Fig. S4. A toy example of quantifying stromal cell spatial patterns with K statistics.

Fig. S5. Stromal cell spatial pattern is not prognostic in ER-positive breast cancer in either the

discovery or the validation cohort.

Fig. S6. Patient stratification using combined image-based LI and stromal spatial pattern in

ER-negative samples.

Table S1. Classification accuracy by 10-fold cross-validation for artifacts, cancer cells, lymphocytes,

and stromal cells based on the training set.

Table S2. KEGG pathways enriched in the top 500 genes expressed in cancer cells, stromal

cells, and lymphocytes.

Table S3. Gene Ontology Biological Process enriched in the top 500 genes expressed in cancer

cells, stromal cells, and lymphocytes.
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