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Abstract 

The medical specialty of pathology is focused on the transformation of information extracted 

from patient tissue samples into biologically informative and clinically useful diagnoses to guide 

research and clinical care. Since the mid-19
th

 century, the primary data type used by surgical 

pathologists has been microscopic images of hematoxylin and eosin stained tissue sections. Over 

the past several decades, molecular data have been increasingly incorporated into pathological 

diagnoses.  There is now a need for the development of new computational methods to 

systematically model and integrate these complex data to support the development of data-driven 

diagnostics for pathology.   The overall goal of this dissertation is to develop and apply methods 

in this new field of Computational Pathology, which is aimed at:  1) The extraction of 

comprehensive integrated sets of data characterizing disease from a patient’s tissue sample; and 

2) The application of machine learning-based methods to inform the interpretation of a patient’s 

disease state. 

The dissertation is centered on three projects, aimed at the development and application 

of methods in Computational Pathology for the analysis of three primary data types used in 

cancer diagnostics: 1) morphology; 2) biomarker expression; and 3) genomic signatures.  First, 

we developed the Computational Pathologist (C-Path) system for the quantitative analysis of 

cancer morphology from microscopic images.   We used the system to build a microscopic 

image-based prognostic model in breast cancer. The C-Path prognostic model outperformed 

competing approaches and uncovered the prognostic significance of several novel characteristics 

of breast cancer morphology.  Second, to systematically evaluate the biological informativeness 

and clinical utility of the two most commonly used protein biomarkers (estrogen receptor (ER) 

and progesterone receptor (PR)) in breast cancer diagnostics, we performed an integrative 
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analysis over publically available expression profiling data, clinical data, and 

immunohistochemistry data collected from over 4,000 breast cancer patients, extracted from 20 

published studies.  We validated our findings on an independent integrated breast cancer dataset 

from over 2,000 breast cancer patients in the Nurses’ Health Study. Our analyses demonstrated 

that the ER-/PR+ disease subtype is rare and non-reproducible. Further, in our genomewide 

study we identified hundreds of biomarkers more informative than PR for the stratification of 

both ER+ and ER- disease. Third, we developed a new computational method, Significance 

Analysis of Prognostic Signatures (SAPS), for the identification of robust prognostic signatures 

from clinically annotated Omics data. We applied SAPS to publically available clinically 

annotated gene expression data obtained from over 3,800 breast cancer patients from 19 

published studies and over 1,700 ovarian cancer patients from 11 published studies. Using these 

two large meta-datasets, we applied SAPS and performed the largest analysis of subtype-specific 

prognostic pathways ever performed in breast or ovarian cancer. Our analyses led to the 

identification of a core set of prognostic biological signatures in breast and ovarian cancer and 

their molecular subtypes.  Further, the SAPS method should be generally useful for future studies 

aimed at the identification of biologically informative and clinically useful signatures from 

clinically annotated Omics data. 

Taken together, these studies provide new insights into the biological factors driving 

cancer progression, and our methods and models will support the continuing development of the 

field of Computational Pathology. 
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Chapter 1 

Introduction 

The word pathology is derived from the Ancient Greek πάθος, or pathos, which means 

“suffering”, and -λογία, -logia, “the study of”. Thus, pathology is the study of suffering. 

Specifically, the study of pathology is focused on the “precise study and diagnosis of disease”.  

The practice of pathology dates back to the first half of the third century B.C. (von Staden, 

1992). From that time until the mid-19
th

 century, the primary techniques of the pathologist were 

gross analysis of organs removed either during surgery or at autopsy. In the mid-19
th

 century, led 

by the work of Rudolf Virchow and his colleagues, pathology became focused on understanding 

the cellular basis of disease through microscopic analyses of diseased tissues and organs 

(Ackerknecht, 1953).  To this day, the qualitative visual analysis of microscopic images of 

disease remains the primary method by which surgical pathologists diagnose disease and guide 

treatment decisions (Long, 1962; Malkin, 1993, 1998; Young, 1999). 

Despite the importance of morphological data, this is not the only data type currently 

available to the pathologist.  It is now possible to comprehensively profile alterations in the 

genome, transcriptome, and epi-genome from human tissue samples, and major efforts are 

underway to use these new data to re-classify disease into more “precise” and  data-driven 

classifications (NationalResearchCouncil., 2011). Thus, today, and especially in the coming 

years, pathologists will be faced with an increasingly complex set of measurements extracted 

from patient tissue samples and will need new computational methods for using these 

measurements to guide patient care. 
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In this dissertation, we develop methods for this emerging field of Computational 

Pathology.  This dissertation makes three primary contributions to this field: 

 First, we developed a new computational image analysis platform (the Computational 

Pathologist). We applied this method to the study of breast cancer and built a highly 

accurate image-based prognostic model (Beck et al., 2011).  In contrast to previous 

approaches to computational image analysis for the analysis of cancer morphology, our 

approach was largely unbiased and data-driven. We generated a computational platform 

for extracting a rich, quantitative feature set from H&E stained histologic sections of 

breast cancer. This feature set includes both standard descriptors of the breast cancer 

epithelium and stroma, as well as novel metrics of intra-tumoral heterogeneity and spatial 

relationships. In our study, we used the C-Path system to build an accurate image-based 

predictor of patient survival. More generally, this platform provides a new means for 

transforming cancer morphology into a quantitative high-dimensional data type, which 

can be systematically linked with other Omics data types and with treatment response and 

clinical outcomes. This work is discussed in Chapter 2 (Morphology: The 

Computational Pathologist), based on work published in 2011 in the journal Science 

Translational Medicine (Beck et al., 2011). 

 Second, we performed a systematic re-evaluation of the most commonly used protein 

biomarkers used in breast cancer diagnostics (Hefti et al., 2013).  We performed an 

integrative analysis over a total of greater than 5,000 breast cancer patients, and we 

showed that the two most commonly used biomarkers in breast cancer diagnostics 

(estrogen receptor and progesterone receptor) show a highly assymetric pattern of co-

expression, with progesterone receptor providing essentially no information for the 
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stratification of estrogen receptor negative breast cancer. Taking a genomic data-driven 

approach, we identify hundreds of protein biomarkers predicted to be more biologically 

and clinically informative than progesterone receptor for the stratification of both 

estrogen receptor positive and estrogen receptor negative breast cancer. These findings 

could both significantly impact breast cancer diagnostics, and more generally, provide a 

data-driven framework for the re-evaluation of standard-of-care diagnostics through the 

use of publically available clinically annotated Omics data. This approach could be 

broadly useful across a range of diseases.  This work is discussed in Chapter 3 

(Biomarkers: Systematic Re-evaluation of Standard of Care Protein Biomarkers in 

Breast Cancer), which is based on work published in 2013 in the journal Breast Cancer 

Research (Hefti et al., 2013). 

 Third, we developed the Significance Analysis of Prognostic Signatures (SAPS) method 

for the identification of robust prognostic signatures from clinically annotated Omics 

data. A major goal of research in translational cancer genomics is to identify genomic 

signatures that are both biologically important and that stratify patients into groups that 

show significantly variable survival outcomes. In our study, we show that standard 

statistical approaches for identifying biologically important prognostic signatures suffer 

from several weaknesses, the most significant being the fact that in certain datasets, 

“random” gene sets are able to stratify patients into prognostically variable groups. To 

overcome this challenge, we developed a new computational method, which integrates 

three significance measures of a signature’s prognostic association, to ensure that a 

significant signature is able to: stratify patients into prognostically variable groups, is 

enriched for prognostic genes, and performs significantly better than random gene sets at 
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both of these tasks. In our study, we used SAPS to identify prognostic signatures in breast 

and ovarian cancer and their molecular subtypes. More broadly, the SAPS method should 

be generally useful for identifying robust prognostic biological signatures from clinically 

annotated Omics data. This work is discussed in Chapter 4 (Significance Analysis of 

Prognostic Signatures), based on work published in 2013 in the journal PLoS 

Computational Biology (Beck et al., 2013). 
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Chapter 2 

Morphology: The Computational Pathologist 

This chapter is adapted from work published in the following publication: Beck AH, 

Sangoi AR, Leung S, Marinelli RJ, Nielsen TO, van de Vijver MJ, West RB, van de 

Rijn M, Koller D. Systematic analysis of breast cancer morphology uncovers stromal 

features associated with survival. Sci Transl Med. 2011 Nov 9;3(108):108ra113. doi: 

10.1126/scitranslmed.3002564. 
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Background 

In the mid-19th century, it was first appreciated that  the process of carcinogenesis 

produces characteristic morphologic changes in cancer cells (Müller and West, 1840). 

Patey and Scarff showed in 1928 (Patey and Scarff, 1928) that three histologic 

features – tubule formation, epithelial nuclear atypia, and epithelial mitotic activity – 

could each be scored qualitatively, and the assessments could be combined to stratify 

breast cancer patients into three groups that showed significant survival differences.  

This semi-quantitative morphological scoring scheme has been refined over the years 

(Bloom and Richardson, 1957; Elston and Ellis, 1991; Le Doussal et al., 1989), but 

still remains the standard technique for histologic grading in invasive breast cancer. 

Although the three epithelial features scored in the current grading systems are 

useful in assessing cancer prognosis, valuable prognostic information can also be 

derived from other factors, including properties of the cancer stroma, both its 

molecular characteristics (Beck et al., 2008; Bergamaschi et al., 2007; Bianchini et al.; 

Bissell and Radisky, 2001; Finak et al., 2008; Karnoub et al., 2007; West et al., 2005; 

Wiseman and Werb, 2002) and morphological characteristics (such as  stromal fibrotic 

focus – a scar-like area in the center of a carcinoma (Van den Eynden et al., 2007)).  

Although there has been considerable recent effort devoted to molecular profiling for 

assessment of prognosis and prediction of treatment response in cancer (Reis-Filho et 

al.; Sotiriou and Piccart, 2007), microscopic image assessment is still the most 

commonly available, and in some places in the world, the only measurement that is 

feasible financially and logistically.  Thus, we sought to develop a high-accuracy 

image-based predictor to identify new clinically-impactful morphologic phenotypes of 
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breast cancers, thereby providing new insights into the biological factors driving 

breast cancer progression. 

The development of such a system could also help address other problems 

relevant to the clinical treatment of breast cancer. An important limitation to the 

current grading system is that there is considerable variability in histologic grading 

among pathologists (Fanshawe et al., 2008), with potentially negative consequences 

for determining treatment.  An automated system could provide an objective method 

for predicting patient prognosis directly from image data.  Moreover, once established, 

this system could be used in breast cancer clinical trials to provide an accurate, 

objective means for assessing breast cancer morphologic characteristics, thus allowing 

objective stratification of breast cancer patients based on morphologic criteria and 

facilitating the discovery of morphologic features associated with response to specific 

therapeutic agents. 
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Results 

We developed the Computational Pathologist (C-Path), a machine learning-based 

method for automatically analyzing cancer images and predicting prognosis.  To 

construct and evaluate the model, we acquired H&E stained histological images from 

breast cancer tissue microarrays (TMA). The TMAs contain 0.6 mm diameter cores 

(median of 2 cores per case) and represent only a small sample of the full tumor.  We 

acquired data from two separate and independent cohorts: Netherlands Cancer 

Institute (NKI – 248 patients) and Vancouver General Hospital (VGH – 328 patients). 

Unlike previous works in cancer morphometry (Baak et al., 1981; Beck et al., 

2007; Cordon-Cardo et al., 2007; Donovan et al., 2008), our image analysis pipeline 

was not limited to a pre-defined set of morphometric features selected by pathologists.  

Rather, C-Path measures a rich quantitative feature set from the breast cancer 

epithelium and the stroma (Fig. 1).  Our image processing system first performs an 

automated, hierarchical scene segmentation that generates thousands of measurements, 

including both standard morphometric descriptors of image objects and higher-level 

contextual, relational, and global image features. The pipeline consists of three stages 

(Fig. 1A-C).  First, we use a set of processing steps to separate tissue from 

background; partition the image into small regions of coherent appearance known as 

superpixels; find nuclei within the superpixels; and construct nuclear and cytoplasmic 

features within the superpixels (Fig. 1A). Within each superpixel, we measured 

features of intensity, texture, size, and shape of the superpixel and its neighbors.  

Second, to produce more biologically meaningful features, we classified superpixels 

as epithelium or stroma (Fig. 1B). 
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Fig. 1.  Overview of the image 

processing pipeline and prognostic 
model building procedure. (A) 

Basic image processing and feature 

construction.  (B) Building an 

epithelial/stromal classifier; the 

classifier takes as input a set of breast 

cancer microscopic images that have 

undergone basic image processing 
and feature construction and that have 

had a subset of superpixels hand-

labeled by a pathologist as epithelium 

(red) or stroma (green).  The super-

pixel labels and feature measurements 

are used as input to a supervised 

learning algorithm to build an 

epithelial/stromal classifier. The 

classifier is then applied to new 

images to classify superpixels as 

epithelium or stroma. (C) 

Constructing higher-level 

contextual/relational features. After 

application of the epithelial/stromal 

classifier, all image objects are sub-

classified and colored based on their 

tissue region and basic cellular 
morphologic properties (Epithelial 

regular nuclei = red; epithelial 

atypical nuclei = pale blue; epithelial 

cytoplasm = purple; stromal matrix = 

green;  stromal round nuclei = dark 

green; stromal spindled nuclei = teal 

blue; unclassified regions = dark grey; 

spindled nuclei in unclassified regions 

= yellow; round nuclei in unclassified 

regions = grey; background = white 

(C, left panel). After the classification 

of each image object, a rich feature 

set is constructed (D) Learning an 

image-based model to predict 

survival. Processed images from 

patients alive at five years after 

surgery and from patients deceased at 
5 years after surgery were used to 

construct an image-based prognostic 

model. After construction of the 

model, it was applied to a test set of 

breast cancer images (not used in 

model building) to classify patients as 

high- or low-risk of death by 5 years. 
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We use a machine learning approach (L1-regularized logistic regression), in which we 

hand-labeled super-pixels from 158 images (107 NKI, 51 VGH) and used those to 

train the epithelium/stroma classifier. The resulting classifier comprises 31 features 

and achieves a classification accuracy of 89% on held-out data. To construct our final 

set of features to be used in the prognostic model, we first re-compute the values of the 

basic features separately within epithelium and stroma. We sub-classified nuclei as 

“typical” or “atypical” and obtained object measurements from contiguous epithelial 

and stromal regions, as well as from epithelial nuclei, epithelial atypical nuclei, 

epithelial cytoplasm, stromal round nuclei, stromal spindled nuclei, stromal matrix, 

and unclassified objects.  We computed a range of relational features (Fig. 1C) that 

capture the global structure of the sample and the spatial relationships between its 

different components, such as mean distance from epithelial nucleus to stromal 

nucleus, mean distance of atypical epithelial nucleus to typical epithelial nucleus, or 

distance between stromal regions. Overall, this results in a set of 6642 features per 

image. For patients with multiple TMA images (208 of 248 NKI patients; 192 of 328 

VGH patients), these statistics were summarized as their mean across the images. 
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The NKI images were used to build an image-feature-based prognostic model 

to predict the binary outcome of 5-year survival (5YS model) (Fig. 1D), using L1-

Fig. 2. Kaplan Meier survival curves of the 5YS model predictions and overall survival on 
the NKI and VGH datasets. Cases classified as high-risk are plotted on the red dotted line 

and cases classified as low-risk on the black solid line. The error bars represent 95% 

confidence intervals.  The y-axis is probability of overall survival, and the x-axis is time in 

years. The numbers of patients at risk in the high-risk and low-risk groups at 5 year 

intervals are listed beneath the curves. (A) NKI dataset. Patients were stratified into low- 

and high-risk groups based on predictions of the 5YS model on held-out cases during cross-

validation. (B)VGH dataset. VGH patients were stratified into low- and high-risk groups 

based on predictions of the 5YS model trained on the full NKI data set. In both datasets (A, 

B), cases predicted to be high-risk showed significantly worse overall survival than cases 

predicted to be low-risk (Log-rank P < 0.001 in both analyses). VGH cases used to train the 

epithelial/stromal classifier have been excluded from the analysis. 
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regularized logistic regression (38).  Model performance on the NKI dataset was 

assessed by 8-fold cross-validation, where the data set is split into 8 approximately 

equal folds, and in each fold, the model was built using 7 of the folds (up to 217 cases) 

and evaluated on the held-out fold.  For each instance in the data set, we determined 

the C-Path model result when that instance was held out during cross-validation, 

which allowed this prediction to be used for evaluating model performance on unseen 

data. This procedure is known as “pre-validation”(Tibshirani and Efron, 2002).  To 

further assess performance of the model, we trained the prognostic model on the full 

NKI dataset, and tested the model on the VGH data set. We excluded from this 

analysis the 42 VGH cases that had been used in training the epithelial-stromal 

classifier. 

 

Survival analysis on the NKI Dataset:  The pre-validation C-Path 5YS scores were 

highly associated with overall survival (Log-rank P <0.001) (Fig. 2A).  When cases 

were stratified by grade, the C-Path score was significantly associated with survival 

within histologic grade 2 tumors (Log-rank P=0.004). The 5YS score did not achieve a 

statistically significant association with survival within grade 1 and grade 3 tumors on 

the NKI data set. 

We next set out to assess the added prognostic value of the C-Path score in 

context of other measured prognostic factors, by using a multivariate Cox 

proportional-hazards analysis.  In addition to standard clinical measurements, the 

tumors from all patients in the NKI dataset had previously undergone expression 

profiling by microarray, allowing each case to be classified according to several 
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standard breast cancer molecular signatures: the 70 gene prognosis signature score 

(van de Vijver et al., 2002a), the genomic grade index score (Sotiriou et al., 2006a), 

the invasiveness gene signature (Liu et al., 2007), the hypoxia gene signature (Chi et 

al., 2006a),  and intrinsic molecular subtype (Sorlie et al., 2001). The subtype 

classifications used in our analysis come from the original publications or from the 

supplemental data (Nuyten et al., 2008).  The pre-validation C-Path scores were 

significantly associated with 5-year survival independent of any of the other clinical or 

molecular factors: grade, ER status, age, tumor size, lymph node status,  mastectomy, 

chemotherapy, 70 gene prognosis signature, hypoxia signature, wound response 

signature, genomic grade index, or intrinsic molecular subtypes (P=0.02) (Table 1A).  

The only other features significantly associated with survival were the hypoxia 

signature and age (Table 1A). 
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Table 1. Multivariate Cox proportional hazards model to predict survival in NKI (A) 

and VGH (B) cohorts. 

Table 1A. 

 

The histologic grading scores used in the primary analysis described above 

came from manual pathologic interpretation of whole-slide microscopic images by a 

centralized review. To directly compare the performance of the C-Path system to 

pathological grading on the exact same set of images, we applied standard 

pathological grading criteria to the TMA images used in the C-Path analysis (mitotic 

.      
Multivariate Cox Regression (NKI, 

n = 248) 

     
 exp(coef) exp(-

coef) 

Lower 

95% 

Upper 

95% 

P value 
C-Path 5YS Model Score 1.78 0.56 1.11 2.86 0.017 
Hypoxia 1.8 0.56 1.09 2.96 0.021 
Age 0.79 1.26 0.63 1 0.046 
70 gene prognosis signature 2.01 0.5 0.94 4.26 0.070 
Size 1.22 0.82 0.94 1.59 0.137 
Invasiveness gene signature 1.84 0.54 0.69 4.9 0.226 
Mastectomy 1.3 0.77 0.81 2.07 0.276 
Wound response siganture 1.44 0.69 0.72 2.89 0.299 
ERBB2 molecular subtype 1.88 0.53 0.53 6.67 0.326 
Grade 1.19 0.84 0.77 1.83 0.431 
Basal molecular subtype 0.68 1.47 0.15 3 0.612 
ER 0.82 1.22 0.36 1.87 0.634 
LN 1.15 0.87 0.55 2.38 0.715 
Genomic grade index 1.09 0.91 0.52 2.32 0.814 
Luminal A molecular subtype 1.14 0.87 0.36 3.65 0.819 
Luminal B molecular subtype 0.93 1.07 0.29 3.03 0.907 
Chemotherapy 1.04 0.96 0.49 2.21 0.925 
 

 

     
Table 1B.      
Multivariate Cox Regression 

(VGH, n = 286) 

     
 exp(coef) exp(-

coef) 

Lower 

95% 

Upper 

95% 

P value 
Age 1.83 0.55 1.49 2.24 <0.0001 
Lymph node 1.94 0.52 1.32 2.84 0.0007 
C-Path 5YS Model Score 1.54 0.65 1.02 2.32 0.039 
ER 0.79 1.27 0.46 1.34 0.376 
Mastectomy 0.72 1.39 0.32 1.6 0.417 
Size 0.95 1.05 0.85 1.07 0.444 
Grade 1.06 0.95 0.74 1.5 0.760 
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activity, nuclear pleomorphism, and tubule formation were semi-quantitatively scored 

from 1 to 3, and the scores were summed with a sum of less than 6 receiving a grade 

of 1, sum of 6 to 7 receiving a grade of 2 and sum greater than 7 receiving a grade of 

3); the pathologist grading the images was blinded from the survival data. Although 

the C-Path predictions were strongly associated with survival, the pathologic grade 

derived from TMA cores showed no significant association with survival (Log-rank 

P=0.4) on the same TMA images from the NKI data set, highlighting the difficulty of 

obtaining accurate prognostic predictions from these small tumor samples. 

 

Survival analysis on the VGH Dataset:  We next tested the prognostic model on the 

VGH data set, which was not used in constructing the prognostic model.  In addition 

to being an additional data set, the cases from VGH represented a cohort of patients 

with distinct clinical features. The NKI data set was limited to women less than 53 

years with Stage I or Stage II breast cancer. In contrast, the VGH data comes from a 

population-based cohort with a higher proportion of older women and women with 

more advanced disease. A subset of the VGH cases with survival data (51 images from 

42 cases) were used for training of the epithelial/stromal classifier, which was built to 

classify superpixels as epithelium or stroma and implemented as part of the image 

processing pipeline.  We excluded these 42 cases from our survival analysis.  

The C-Path score was significantly associated with overall survival in this 

independent group of cases (Log-rank P=0.001) (Fig. 2B).  Notably, the standard 

histologic grading scores that had been obtained by routine pathological analysis of 

whole slide images using standard grading criteria on the original patient material 
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showed no significant association with survival on this same cohort of patients (Log-

rank P=0.29), perhaps due to the greater variability of the grading process, in which 

grades were assigned independently by individual community pathologists(Fanshawe 

et al., 2008).  On VGH, significant survival stratification was achieved by the 5YS 

model within both grade 2 and 3 tumors (Log-rank P = 0.02 and 0.01, respectively).  

We constructed a multivariate Cox proportional hazards model that considered age, 

lymph node status, mastectomy, ER status, grade, size, and C-Path 5YS model score. 

In this multivariate model, the C-Path 5YS model score, age and lymph node status 

were significantly independently associated with patient survival (all P <0.05) (Table 

1B). Grade, size, and ER status were not significant independent predictors of survival 

in this multivariate model. 
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To assess the generalizability of the full image processing pipeline, we have 

Fig. 3. Top stromal features associated with survival. (A) Variability in absolute difference in 

intensity between stromal matrix regions and neighbors. Top panel, high score (24.1); bottom 

panel, low score (10.5). (Insets) Top panel, high score; bottom panel; low score. Right panels, 

stromal matrix objects colored blue (low), green (medium), or white (high) according to each 

object’s absolute difference in intensity to neighbors. (B) Presence of stromal regions without 

nuclei. Top panels, high scores; bottom panels, 0 score. Green, stromal contiguous regions with 

score 0; red, stromal contiguous regions with high score. (Insets) Red stromal regions are thin and 

do not contain nuclei; green regions are larger with nuclei. (C) Average relative border of stromal 

spindle nuclei to stromal round nuclei. Top panel, low score; bottom panel, high scoer. (Insets) 
stromal spindled nuclear objects are green and stromal round nuclear objects are red. Right 

panels, higher magnification of a portion of the larger image. 
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repeated the entire analysis with training of the epithelial/stromal classifier limited 

exclusively to the 107 NKI images. This pipeline resulted in decreased performance of 

the prognostic model, with statistically significant (Log-rank P < 0.05) survival 

stratification observed only on the NKI data set. These findings suggest that a 

relatively large, varied set of training images is important for robust performance of 

the epithelial/stromal classifier and that accurate epithelial/stromal segmentation is 

important for extracting the most prognostically informative morphological features. 

 

Assessing Significance of Features:  To identify morphologic features that robustly 

contribute to the C-Path model, we performed a bootstrap analysis on the NKI data set 

to generate 95% confidence intervals (CI’s) for the coefficient estimates for the image 

features in the C-Path model.  This analysis revealed 11 features with a 95% CI that 

does not include zero.  These eleven features included three stromal features (Fig. 3) 

and eight epithelial features (Fig. 4). 
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We assessed correlation of these features with pathological assessment of 

 
Fig. 4. Top epithelial features. The 8 panels in the figure (A-H) each shows one of the top-ranking epithelial features from the 

bootstrap analysis. Left panels (improved prognosis), right panels (worse prognosis). (A) Standard deviation of the (standard deviation 

of intensity/mean intensity) for pixels within a ring of the center of epithelial nuclei. Left, relatively consistent nuclear intensity pattern 

(low score); right, great nuclear intensity diversity (high score).  (B) Sum of the number of unclassified objects. Red, epithelial regions; 

green, stromal regions; no overlaid color, unclassified region. Left, few unclassified objects (low score); right, higher number of 

unclassified objects (high score). (C) Standard deviation of the maximum blue pixel value for atypical epithelial nuclei. Left, high 

score; right, low score. (D) Maximum distance between atypical epithelial nuclei. Left, high score; right, low score. (Insets) Red, 

atypical epithelial nuclei; black, typical epithelial nuclei. (E) Minimum elliptic fit of epithelial contigiuous regions. Left, high score; 

right, low score. (F) Standard deviation of distance between epithelial cytoplasmic and nuclear objects. Left, high score; right, low 

score. (G) Average border between epithelial cytoplasmic objects. Left, high score; right, low score. (H) Maximum value of the 

minimum green pixel intensity value in epithelial contiguous regions. Left, low score indicating black pixels withi n epithelial region; 
right, higher score indicating presence of epithelial regions lacking black pixels. 
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Fig. 5. Kaplan Meier survival curves of prognostic 

models built in analysis on VGH data set limited to top 

features identified no NKI data set. Cases classified as 

high-risk are plotted on the red dotted line and cases 

classified as low-risk on the black solid line. The error 

bars represent 95% confidence intervals. The y-axis is 

probability of overall survival, and the x-axis is time in 

years.  The numbers of patients at risk in the high-risk 

and low-risk groups at 5 year intervals are listed beneath 

the curves. (A) Prognostic model built with 3 top stromal 

features; (B) Progostic model built with 8 top epithelial 

features; (C) Prognostic model built with top epithelial 

and stromal features. 

epithelial tubule formation, mitotic activity, and nuclear pleomorphism, which are the 

standard features used in histologic grading. The top associations of the eleven C-Path 
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features with pathological grading features were a negative correlation of tubule 

formation with “stromal matrix textural variability” (Spearman’s rho = -0.21, p = 

0.001) and positive correlation of both mitotic activity and nuclear pleomorphism with 

the C-Path feature “number of epithelial nuclei from unclassified regions” 

(Spearman’s rho = 0.27 and 0.33 respectively, both p < 0.001). 

Seven of the top features in the bootstrap analysis were relational features 

characterizing the contextual relationships of epithelial and stromal objects to their 

neighbors.  Since cancer is a disease of abnormal tumor cell growth and abnormal 

cellular relationships between tumor cells and stroma (unlimited replicative potential, 

loss of growth inhibition between neighboring transformed cells, cancer cell invasion 

of neighboring tissue) (Hanahan and Weinberg, 2000), it is perhaps not surprising that 

relational features form key prognostic factors in breast cancer. 

To test the prognostic value of the stromal features identified by our analysis, 

we tested the predictive performance of stromal features and epithelial features 

separately.  The model utilizing only stromal features was highly associated with 

overall survival in the VGH dataset (Log-rank P=0.004) (Fig. 5) and showed survival 

association similar to that of the full C-Path model. For both grade 2 and grade 3 

breast cancers, the stromal model predictions were associated with survival (both Log-

rank P <0.05).  The predictions from the model comprised solely of epithelial features 

was associated with survival overall (Log-rank P =0.02), and this association was 

strongest for stratification within histologic grade 3 tumors (Log-rank P =0.002) with 

no statistically significant stratification observed in grade 1 and 2 tumors (both Log-

rank P >0.2).   Pathologists currently use only epithelial features in the standard 
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grading scheme for breast cancer and other carcinomas.  Our findings suggest that 

evaluation of morphologic features of the tumor stroma may offer significant benefits 

for assessing prognosis. 

The stromal feature with the largest coefficient in the prognostic model was a 

measure of the variability of the stromal matrix intensity differences with its neighbors 

(Fig. 3A). High values were associated with improved outcome. Breast cancer tissue 

that received a high score tended to contain larger contiguous regions of stroma 

separated from larger contiguous epithelial regions. This pattern of cancer growth 

more closely approximates epithelial-stromal relationships observed in the normal 

breast. This pattern results in a high score, because in stroma-rich areas, stromal 

matrix regions border exclusively other stromal matrix regions, while in other areas 

the stromal matrix directly borders epithelial regions. Cases that receive a low score 

tend to have relatively uniform distribution of epithelium and stromal matrix 

throughout the image, with thin cords of epithelial cells infiltrating through stroma 

across the image, so that each stromal matrix region borders a relatively constant 

proportion of epithelial and stromal regions. 
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The stromal feature 

with the second largest 

coefficient (Fig. 3B) was 

the sum of the minimum 

green RGB intensity value 

of stromal-contiguous 

regions.  This feature 

received a value of zero 

when stromal regions 

contained dark pixels (such 

as inflammatory nuclei). 

The feature received a 

positive value when 

stromal objects are devoid 

of dark pixels. This feature 

provides information about 

the relationship between 

stromal cellular 

composition and prognosis and suggests that the presence of inflammatory cells in the 

stroma is associated with poor prognosis, a finding consistent with previous 

observations (Tan et al., 2011).  The third most significant stromal feature (Fig. 3C) 

was a measure of the relative border between spindled stromal nuclei to round stromal 

nuclei, with an increased relative border of spindled stromal nuclei to round stromal 

Fig. 6. Kaplan Meier survival curves of the 5YS model predictions 

and overall survival on cases from the VGH cohort, stratified 

according to whether the case contributed 1 or multiple TMA cores. 

Cases classified as high-risk are plotted on the red dotted line and 

cases classified as low-risk on the black solid line. The error bars 

represent 95% confidence intervals. The y-axis is probability of 

overall survival, and the x-axis is time in years. The numbers of 

patients at risk in the high-risk and low-risk groups at 5 year intervals 

are listed beneath the curves. (A) C−Path 5YS model predictions on 

VGH patients contributing only 1 TMA Core; (B) C-Path 5YS model 

predictions on VGH patients contributing multiple TMA cores. 
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nuclei associated with worse overall survival. While the biological underpinning of 

this morphologic feature is currently not known, this analysis suggests that  spatial 

relationships between different populations of stromal cell types is associated with 

breast cancer progression. 

 

Reproducibility of C-Path 5YS Model Predictions on Samples with Multiple 

TMA Cores: For the C-Path 5YS model (which was trained on the full NKI dataset), 

we assessed the intra-patient agreement of model predictions when predictions were 

made separately on each image contributed by patients in the VGH data set.  For the 

190 VGH patients that contributed 2 images with complete image data, the binary 

predictions (high risk or low risk) on the individual images were in agreement with 

each other for 69% (131/190) of the cases and agreed with the prediction on the 

averaged data for 84% (319/380) of the images.  Using the continuous prediction score 

(which ranged from 0 to 100), the median of the absolute difference in prediction 

score among the patients with replicate images was 5%, and the Spearman correlation 

among replicates was 0.27 (p=0.0002).  This degree of intra-patient agreement is only 

moderate, and these findings suggest significant intra-patient tumor heterogeneity, 

which is known to be a cardinal feature of breast carcinomas (Ding et al., 2010; 

Marusyk and Polyak, 2010; Shah et al., 2009). Qualitative visual inspection of images 

receiving discordant scores suggests that intra-patient variability in both the epithelial 

and stromal components is likely to contribute to discordant scores for the individual 

images. These differences appeared to relate both to the proportions of epithelium and 

stroma as well as to the appearance of the epithelium and stroma. Last, we sought to 
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analyze whether survival predictions were more accurate on the VGH cases that 

contributed multiple cores compared to the cases that contributed only a single core. 

This analysis showed that the C-Path 5YS model showed significantly improved 

prognostic prediction accuracy on the VGH cases for which we had multiple images, 

compared to the cases that contributed only a single image (Fig. 6). Taken together, 

these findings show a significant degree of intra-patient variability, and indicate that 

increased tumor sampling is associated with improved model performance. 
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Discussion 

We have developed a system for the automatic hierarchical segmentation of 

microscopic breast cancer images, and the generation of a rich set of quantitative 

features to characterize the image. Based on these features, we built image-based 

models to predict patient outcome and to identify clinically significant morphologic 

features.  Most previous work in quantitative pathology has required laborious steps of 

image object identification by skilled pathologists, followed by the measurement of a 

small number of expert pre-defined features, primarily characterizing epithelial 

nuclear characteristics, such as size, color, and texture (Beck et al., 2007; Mulrane et 

al., 2008).  In contrast, following initial filtering of images to ensure high-quality 

TMA images and training of the C-Path models using expert-derived image 

annotations (epithelium vs. stroma labels to build the epithelial/stromal classifier and 

survival time and survival status to build the prognostic model), our image analysis 

system is automated with no manual steps, which greatly increases its scalability. 

Additionally, in contrast to prior approaches, our system measures thousands of 

morphologic descriptors of diverse elements of the microscopic cancer image, 

including many relational features from both the cancer epithelium and stroma, 

allowing identification of prognostic features whose significance was not previously 

recognized. 

Using our system we built an image-based prognostic model on the NKI dataset and 

showed that in this patient cohort the model was a strong predictor of survival and 

provided significant additional prognostic information to clinical, molecular, and 

pathological prognostic factors in a multivariate model. We also demonstrated that the 



27 
 

image-based prognostic model, built using the NKI data set, is a strong prognostic 

factor on another, independent data set with very different characteristics (VGH). 

These findings suggest that the C-Path model might be adapted to provide an 

objective, quantitative tool for histologic grading of invasive breast cancer in clinical 

practice. 

A key goal of our project was to use an unbiased data-driven approach to discover 

prognostically significant morphologic features in breast cancer. This discovery-based 

approach has been widely used in analysis of genomic data, but not yet to the study of 

cancer morphology from microscopic images of patient samples. Microscopic images 

of cancer samples represent a rich source of biological information, as this level of 

resolution facilitates the detailed quantitative assessment of cancer cells’ relationships 

with each other, with normal cells, and with the tumor microenvironment, all of which 

represent key “hallmarks of cancer”(Hanahan and Weinberg). 

Of the top 11 features that were most robustly associated with survival in a 

bootstrap analysis, 8 were from the epithelium and 3 from the stroma.  A prognostic 

model built on only the 3 stromal features was a stronger predictor of patient outcome 

than one built from the epithelial features, and is equally as predictive as the model 

built from all features. These stromal features included a measure of stromal 

inflammation, a process that has previously been implicated in breast cancer 

progression (Tan et al., 2011), as well as several stromal morphologic features whose 

prognostic significance in breast cancer has not previously been studied.  Despite the 

growing recognition of stromal molecular characteristics and the tumor 

microenvironment in the regulation of carcinogenesis (Beck et al., 2008; Bergamaschi 
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et al., 2007; Bissell and Radisky, 2001; Finak et al., 2008; Karnoub et al., 2007; West 

et al., 2005; Wiseman and Werb, 2002), since the grading of breast cancer began in the 

early 20
th

 century, grading criteria have consisted entirely of epithelial features. Our 

analysis suggests that stromal morphologic structure is an important prognostic factor 

in breast cancer. Understanding the molecular basis for the prognostically significant 

stromal morphologic phenotypes uncovered in our analysis will be informative. 

Our study has several limitations, which will need to be addressed prior to 

translation of the C-Path system for use in clinical medicine. First, it will be necessary 

to establish the effectiveness of the system on whole slide images. All images used in 

our study came from breast cancer TMA images. Each TMA image captures only a 

minute portion of the full tumor volume, which is much smaller than the multiple 

whole-slide images used in routine diagnostic pathology. This fact is both a strength 

and limitation of this study. On the one hand, our work demonstrates the ability to 

apply image analysis tools within a machine learning framework to build a powerful 

microscopic image-based prognostic model from very small samplings of a tumor. 

This suggests that C-Path may prove useful for deriving prognostically important 

information from small tumor biopsy specimens.  On the other hand, it is likely that 

we could have derived a more powerful prognostic model by analyzing whole-slide 

images, since these might facilitate the generation of additional higher-level features 

(such as additional measurements of tumor heterogeneity) and might facilitate more 

robust model performance because we would be summarizing our features over a 

much larger area of the tumor.   Our image processing and machine learning pipeline 

is not specific to the use of TMA images and could be adapted and retrained with a 
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data set of whole-slide images.  However, whole slide images will require either 

manual or automated identification of breast cancer, since these larger images 

typically contain regions of both cancer and normal surrounding breast tissue.  The 

TMA-based system did not require this step, as the TMA cores tend to sample 

exclusively areas of breast cancer.  Nevertheless, our results on patients contributing 

multiple TMA cores suggest that, once this challenge is addressed, performance of the 

prognostic model is likely to improve in the whole-slide regime. 

Secondly, the C-Path system must be systematically evaluated on a diverse set 

of whole-slide images from different institutions where samples are handled in 

different ways. As part of this evaluation, the robustness of the epithelial/stromal 

classifier and the prognostic model must be evaluated separately to determine the 

robustness of each component of the C-Path system.  Our results suggest that, prior to 

applying C-Path to additional images from a new institution using a different slide 

processing regimen, it may be useful to train the epithelial/stromal classifier on a 

subset of images from the new institution. This situation is analogous to standard 

pathological evaluation of histologic images from diverse institutions, in which 

pathologists use the visual characteristics of known morphologic structures (nuclei, 

cytoplasm, epithelium, stroma) from images acquired from a new institution to ‘re-

calibrate’ their visual interpretations prior to applying fixed histologic grading criteria.  

Given the ability of our model to generalize across two diverse cohorts, it seems 

plausible that only a retraining of the epithelial/stromal classifier will be needed, and 

the prognostic features and relative weights in the prognostic model should be robust 

across datasets. Based on our experience, re-training of the epithelial-stromal classifier 
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should require  approximately 50-60 images, which can be performed by a trained 

pathologist in approximately 1 hour. 

Additional validation of our findings in independent cohorts of breast cancer 

patients will be useful prior to clinical application of the C-Path system. Our study was 

limited to 2 large breast cancer patient cohorts. An important future direction for 

research will be testing the model on additional independent cohorts of breast cancer 

patients to evaluate more fully the model’s generalizability. 

A final critical step for the translation of C-Path to clinical medicine will be the 

increased utilization of digital images in routine diagnostic pathology. Even today, the 

vast majority of surgical pathology diagnoses are made using images viewed directly 

on a light microscope, and digital slide scanners are not routinely used in diagnostic 

surgical pathology. Beyond the technical challenges, innovative leadership among 

pathologists will be critical for facilitating widespread implementation of quantitative, 

digital systems in surgical pathology laboratories (Baak, 2002).  However, the 

availability of a high-accuracy, robust, automated predictor of cancer prognosis has 

significant promise to improve the clinical practice of pathology, especially in parts of 

the world where expert pathologists may be in short supply (Hitchcock, 2011). 

Although the work reported here has focused on predicting survival for 

patients with invasive breast cancer and on discovering morphologic features 

associated with prognosis, our unbiased methods are not specific to this setting. 

Hence, they can be applied much more broadly.  We believe the flexible architecture 

of the C-Path system – consisting of the construction of a comprehensive feature set 

within a machine learning framework – will enable the application of C-Path to build a 



31 
 

library of image-based models in multiple cancer types, each optimized to predict a 

specific clinical outcome, including response to particular pharmacologic agents, 

thereby allowing this approach to be used to directly guide treatment decisions. 
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Methods 

Patient Samples: We acquired H&E stained histological images from breast cancer 

tissue TMAs from two independent institutions:  Netherlands Cancer Institute (NKI – 

248 patients represented in TA110-TA116) and Vancouver General Hospital (VGH – 

328 patients represented in TA268, TA274, TA280). Images were manually reviewed, 

and images were removed that contained out-of-focus areas, less than 10% of tissue 

from the TMA core, or folded-over areas of tissue. Approximately 8% of the image 

files were removed, leaving a total of 671 NKI and 615 VGH images in the analysis 

(images provided on the accompanying website http://tma.stanford.edu/tma_portal/C-

Path/). 

Image Processing Pipeline: We developed a customized image processing pipeline 

within the Definiens Developer XD image analysis environment (see Supplementary 

Methods).  The pipeline consists of three stages: basic image processing and feature 

construction, training and application of the epithelium/stroma classifier, and 

construction of higher-level features. Per image, we computed the mean, standard 

deviation (SD), min, max of each feature and ultimately generated a set of 6642 

features per image. For patients with multiple images (208 of 248 NKI patients; 192 of 

328 VGH patients), these statistics were summarized by their mean across the images 

(Supplementary Material). 

Learning a Prognostic Model: The NKI images were used to build an image-feature-

based prognostic model to predict the binary outcome of 5-year survival (5YS model). 

To focus the model on the most relevant features, we used L1-regularized logistic 

regression (38). Model performance on the NKI dataset was assessed by 8-fold cross-

http://tma.stanford.edu/tma_portal/C-Path/
http://tma.stanford.edu/tma_portal/C-Path/
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validation; in each fold, the model was built using up to 217 cases of the NKI dataset 

and evaluated on the held-out set of 31 cases.  If a case from the training set was 

censored prior to 5 years (7 of 248 cases), the case was excluded from the training set. 

The λ parameter that controls the sparsity of the model was tuned at each fold by 

leave-one-out cross validation on the training cases for that fold. During each fold, the 

value of lambda was chosen that minimized the binomial deviance on the held out 

training cases. The logistic regression model computes a probability of 5 year survival. 

To stratify patients into low and high risk groups, we selected the cut-point whose 

stratification maximized the statistical significance of the difference in overall survival 

between the high- and low-risk groups on the training cases, as indicated by the log 

rank test statistic. The model and cut-point were then applied to the held-out cases, so 

that all held-out cases received a binary classification. To assess the statistical 

significance of the survival stratification observed between cases predicted to be low-

risk vs. high-risk, we computed a Log-Rank p value using the survdiff function in the 

R package survival. To assess the statistical significance of feature coefficients in 

multivariate cox proportional models, we assessed each feature’s Wald statistic and 

associated p value using the function coxph in the R package survival. 

To assess the robustness of the logistic regression coefficients, we performed a 

bootstrap analysis on the NKI dataset, implemented with the ‘boot’ package (40). 

Based on this analysis, for each of the 6642 features, we obtained a 95% CI for the 

feature’s coefficient estimate. 

To assess performance of the model on the VGH data set, we trained the prognostic 

model on the full NKI dataset, and tested the model on the VGH data set. 
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Image Analysis Procedure: 

Image Scanning/Pre-processing: 

Images of cores were scanned at 20x using the Ariol scanner (Images provided 

at http://tma.stanford.edu/tma_portal/C-Path/). The original images were each 

1440 x 2256 pixels. To reduce downstream computation, these images were 

cropped by selecting a central region of 720 x 1128 pixels, which removed 

most background white-space, while preserving most of the lesional tissue.  

Prior to analysis, image contrast was standardized with an auto-contrast 

function implemented in Matlab 

(http://www.mathworks.com/matlabcentral/fileexchange/10566-auto-contrast). 

 

Image Analysis within Definiens Image Analysis Environment: 

The Definiens rule sets used in the analysis are provided at: 

http://tma.stanford.edu/tma_portal/C-Path/). 

 

1. Reading in images:  Each .jpg image of each core was read into the 

workspace with predefined generic image import with one .jpg image per 

scene. 

 

2. Segmenting image into super-pixels  The epithelial-stromal image layer 

was created with the ‘Multiresolution Segmentation’ algorithm applied to 

the pixel level. This algorithm applies an optimization procedure that 

locally minimizes the average homogeneity for image objects comprised of 

http://www.mathworks.com/matlabcentral/fileexchange/10566-auto-contrast
http://tma.stanford.edu/tma_portal/C-Path/
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pixels. The algorithm takes as input 3 user-defined parameters: a scale 

parameter (which influences the size of resulting super-pixels) and shape 

and compactness parameters that contribute to the ‘homogeneity criterion’. 

We used a scale parameter of 150, shape parameter of 0.5, and 

compactness parameter of 0.3.  The segmentation algorithm uses a mutual-

best fitting procedure to create image objects that maximize intra-object 

homogeneity and inter-object heterogeneity. Additional details describing 

the multi-resolution segmentation algorithm are provided in the Definiens 

Developer XD 1.3 reference manual.  During the training of the 

epithelial/stromal classifier, a subset of super-pixels from a total of 158 

images (107 NKI, 51 VGH) were manually labeled as epithelium or stroma 

(labeled and unlabeled training images provided at 

http://tma.stanford.edu/tma_portal/C-Path/). 

 

3. Identifying sub-cellular objects: To identify nuclear regions within the 

super-pixels, we first applied an auto threshold algorithm on the layer 1 

(Red) pixel values to identify an adaptive threshold for classifying image 

objects based on darkness. We then applied a multi-threshold segmentation 

algorithm on the pixel level to identify and segment nuclei based on pixel 

intensity with a minimum object size of 200 pixels.  We then obtained 

objects classified as either darker than or lighter than the threshold. This 

procedure creates objects based solely on pixel intensity. To use size, 

shape, and intensity information to inform segmentation of nuclei, we next 
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performed multi-resolution segmentation (with a scale parameter of 20, 

shape criteria of 0.9, and compactness criteria of 0.1) on the darker objects 

obtained from the multi-threshold segmentation.  After this step of 

segmentation, we sub-classified the object as a “regular nuclei” if its area 

was 135 - 750 pixels, roundness less than 0.9, and ratio of length\width less 

than or equal to 5. All other darker objects were labeled “atypical nuclei”. 

 

4. Creation of epithelial/stromal classifier: To train the epithelial/stromal 

classifier, we exported a total of 112 features from each super-pixel that 

had been hand-labeled as either epithelium or stroma. We performed L1 

regularized logistic regression to build an epithelial/stromal classifier. The 

λ parameter was selected that achieved a classification error within 1 

standard error of the minimum classification error on the held-out cases 

during 10-fold cross-validation. The resulting model contained 31 features 

with non-zero coefficients.  This model achieved a cross-validation error of 

90% (Supplemental Figure 1). 

 

5. Relabeling of super-pixels: We applied the 31 feature logistic regression 

classifier to all super-pixels, which created a probability score indicating 

the predicted probability that the super-pixel is epithelial (values > =0.5) or 

stromal (values < 0.5). To focus our analysis on high-confidence areas of 

epithelium and stroma, we labeled all super-pixels with an epithelial-

stromal classifier score >=0.75 as epithelium and all super-pixels with an 
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epithelial-stromal classifier score < 0.25 as stroma. We left the remaining 

super-pixels as unlabeled. 

 

6. Merging of super-pixels: After the classification of super-pixels as 

epithelium or stroma, we merged adjacent super-pixels from the same class 

with each other, resulting in the creation of epithelial and stromal super-

pixels, whose size and shape reflected the structure of contiguous epithelial 

and stromal regions in the image. 

 

7. Relabeling of sub-cellular objects:  We relabeled each sub-cellular 

object, based on the classification of its parent super-pixel. This resulted in 

the following sub-cellular object classes: epithelial regular nucleus, 

epithelial atypical nucleus, epithelial cytoplasm, stromal round nucleus, 

stromal spindled nucleus, stromal matrix, unclassified regular nucleus, 

unclassified atypical nucleus, and the classification of background for sub-

cellular objects whose parent object had been classified as background.  

 

8. Generation of high-dimensional multi-scale feature set:  The preceding 

steps carried out a hierarchical segmentation of each image, which broke 

the image into two layers of resolution: super-pixel layer and sub-cellular 

layer. Each layer comprised a set of objects that each had a classification 

label. 
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a. Super-pixel features:  We measured 164 features from each super-

pixel image object. We measured and summarized features 

separately for epithelial, stromal, and background super-pixels. 

Prior to analysis, we summarized each feature by its mean, min, 

max, standard deviation and sum.  Measured features include: 1) 

standard morphometrical features (super-pixel intensity, size, shape, 

and texture); 2) relational features characterizing the local 

neighborhood of each super-pixel and distances to each class of 

super-pixel; and 3) relational features characterizing the population 

of sub-cellular objects underlying each super-pixel. 

 

b. Sub-cellular object features: We measured 188 features from each 

sub-cellular image object. We measured and summarized features 

separately for epithelial regular nuclei, epithelial atypical nuclei, 

epithelial cytoplasm, stromal round nuclei, stromal spindled nuclei, 

and background sub-cellular objects. All features were summarized 

by mean, min, max, standard deviation, and sum.  Measured 

features from subcellular objects include: 1) standard 

morphometrical features (intensity, size, shape, texture); 2) 

relational features characterizing local neighborhood of each sub-

cellular object and typical distance of each object to all classes of 

objects; and 3) relational features characterizing relationships 

between sub-cellular objects and their parent super-pixel. 
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c. Global image features: In addition to computing relational 

features of each object to each other, we also measured global 

image features characterizing the proportion of each image 

occupied by the different classes of super-pixel and sub-cellular 

objects. 
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Fig S1. 
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Fig. S2. 
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Fig. S3. 
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Supplemental Tables 

Table S1. Univariate survival analysis. 

  

NKI Cohort      

 Exp(Coef) Exp(-

Coef) 

Lower 

95% 

Upper 

95% 

P value 

5YS Score 2.21 0.45 1.42 3.43 <0.001 

Grade 2.30 0.44 1.67 3.16 <0.001 

Grade 3 vs. 

Rest 

2.97 0.34 1.91 4.61 <0.001 

Grade 1 vs 

Rest 

0.25 4.08 0.12 0.51 <0.001 

Size 1.39 0.72 1.14 1.69 <0.001 

Age 0.95 1.05 0.92 0.99 0.01 

Mastectomy 1.17 0.86 0.76 1.80 0.48 

Lymph nodes 1.05 0.95 0.68 1.63 0.81 

Chemo 1.02 0.98 0.66 1.58 0.92 

      

      

VGH Cohort      

 Exp(Coef) Exp(-

Coef) 

Lower 

95% 

Upper 

95% 

P 

5YS Score 1.76 0.57 1.24 2.51 0.002 

Age 1.04 0.96 1.03 1.05 <0.001 

Mastectomy 0.35 2.9 0.23 0.52 <0.001 

Size 1.32 0.76 1.16 1.5 <0.001 

Lymph node 1.94 0.51 1.4 2.7 <0.001 

Grade 2 vs. 

Rest 

0.79 1.26 0.59 1.06 0.12 

Grade 3 vs. 

Rest 

1.2 0.83 0.86 1.67 0.28 

Grade 1 vs. 

Rest 

1.15 0.87 0.81 1.64 0.43 

Grade 1.03 0.97 0.82 1.28 0.82 
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Chapter 3 

Biomarkers: Data-Driven Re-evaluation of Standard-of-care Breast Cancer  

Introduction 

This chapter is adapted from:  Hefti MM, Hu R, Knoblauch NW, Collins LC, Haibe-

Kains B, Tamimi RM, Beck AH. Estrogen receptor negative/progesterone receptor 

positive breast cancer is not a reproducible subtype. Breast Cancer Res. 2013 Aug 

23;15(4):R68. 
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Background 

Evaluation of hormone receptor expression is a central component of the pathological 

evaluation of breast cancer (Hammond et al., 2010). The biologic, prognostic, and 

predictive importance of assessment of estrogen receptor (ER) expression in breast 

cancer is well established; however, the added value of progesterone receptor (PR) 

assessment is controversial(Colozza et al., 2005; Fuqua et al., 2005; Olivotto et al., 

2004). Despite this uncertainty, the American Society of Clinical Oncology and the 

College of American Pathologists recommend testing of both ER and PR on all newly 

diagnosed cases of invasive breast cancer (Hammond et al., 2010). 

Since the 1970s, it has been hypothesized that PR expression will be associated with 

response to hormonal therapies in ER+ breast cancer, as it is thought that ER and PR 

co-expression demonstrates a functionally intact estrogen response pathway(Horwitz 

et al., 1978; Horwitz and McGuire, 1975, 1978, 1979). Analyses from observational 

studies showed that loss of PR expression was associated with worse overall prognosis 

among ER+ breast cancers(Bardou et al., 2003; Cancello et al., 2013; Dunnwald et al., 

2007; Grann et al., 2005; Prat et al., 2013). These results suggested that evaluation of 

PR status in ER+ breast cancer might be used to help guide clinical management, as 

high levels of PR expression may identify a subset of ER+ patients most likely to 

benefit from hormonal therapy(Horwitz and McGuire, 1975). 

However, a recent meta-analysis of long-term outcomes of 21,457 women with early 

stage breast cancer in 20 randomized trials of adjuvant tamoxifen identified ER 
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expression as the sole pathological factor predictive of response with no significant 

independent contribution by PR (relative risk of recurrence following tamoxifen 

treatment as compared with placebo or observation was 0.63 (SE 0.03) in the 

ER+/PR+ group and 0.60 (S.E. 0.05) in the ER+/PR-neg group)(Davies et al., 2011). 

These data show that although PR negativity is associated with a more aggressive 

subtype of ER+ breast cancer, evaluation of PR expression cannot be used to identify 

ER+ patient subsets most likely to benefit from hormonal therapy. Consequently, the 

clinical utility of PR evaluation in ER+ breast cancer is uncertain. 

The biological and clinical significance of the ER-neg/PR+ breast cancer subtype is 

even more controversial, with some reports claiming it represents a distinct, clinically 

useful biologic entity (Rakha et al., 2007; Rhodes and Jasani, 2009), while others posit 

that ER-neg/PR+ classification is primarily a technical artifact(De Maeyer et al., 2008; 

Nadji et al., 2005)  and too rare to be of clinical use(Olivotto et al., 2004). In large 

published series, the percentage of ER-neg/PR+ cases has been in the range of 

zero(Nadji et al., 2005)  to four percent (Bardou et al., 2003; Colditz et al., 2004). In 

the Early Breast Cancer Trialists’ Collaborative Group (EBCTCG) meta-analysis, PR 

expression was not significantly predictive of tamoxifen treatment response in ER-

negative breast cancer, although there was a slight trend, which failed to reach 

statistical significance(Davies et al., 2011). In the EBCTCG analysis, the investigators 

noted that as methods for assessment of hormone receptor status have improved, the 

proportion of cases reported as ER-neg/PR+ has decreased from ~4% in the early 

1990s to only 1% in recent SEER cancer registry data (http://seer.cancer.gov/), 
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suggesting that as methods of ER testing and interpretation have improved, the rates of 

false negative ER results have decreased(Davies et al., 2011). Given the rarity and 

uncertain clinical and biological significance of the ER-neg/PR+ classification, it has 

been recommended that patients classified as ER-neg/PR+ should undergo repeat ER 

testing to rule out a false negative result(Hammond et al., 2010). 

Thus, despite the fact that ER and PR evaluation have played central roles in breast 

cancer diagnostics and research since the 1970s, it is currently not well established if 

the joint assessment of ER and PR stratifies breast cancers into 4 biologically 

meaningful and clinically useful subgroups (ER+/PR+, ER+/PR-neg, ER-neg/PR-neg, 

and ER-neg/PR+). To provide further insight into the biology of ER and PR 

expression and the clinical utility of ER and PR testing in breast cancer, we performed 

Figure 1. Overview of study design and analyses performed. MR, medical 

record; GEM, gene expression microarray; TMA, tissue microarray. 
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an integrative analysis, incorporating gene expression profiling data, survival data, and 

ER and PR protein expression data from several large cohorts of breast cancer patients 

(Figure 1). 

The primary aims of our study are to: 

1) Determine the frequency and reproducibility of breast cancer subtypes defined by 

ER and PR expression levels. 

2) Determine the association of PR expression with survival in ER+ and ER-negative 

breast cancer and assess the contribution of PR to multivariate prognostic models 

including ER and standard clinico-pathologic factors. 
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Methods 

Study overview 

An overview of the study design and the set of analyses performed on the GEM and 

NHS datasets is shown in Figure 1. 

Gene expression microarray (GEM) cohort 

We integrated data from a total of 20 previously published gene expression microarray 

data-sets. 19 of the data sets were initially provided as supporting material in [20], and 

the 20
th

 data-set comes from The Cancer Genome Atlas (TCGA) breast cancer 

cohort(TCGA, 2012). To access the TCGA data, we downloaded the Level 3 loess 

normalized Agilent microarray mRNA expression data from the Broad Institute’s 

Genome Data Analysis Center 

(http://gdac.broadinstitute.org/runs/stddata__2012_12_06/data/BRCA/20121206/). 

None of the public gene expression microarray data used in this study required 

additional consent to analyze or publish results obtained from the data. Further 

description of the data-sets is provided in Additional file 1: Table S1. 

Gene expression profiling data scaling and merging 

The datasets used in our study were generated using diverse microarray platforms and 

originating from different laboratories. We used normalized log2(intensity) for single-

channel platforms and log2(ratio) in dual-channel platforms. Hybridization probes 

were mapped to Entrez Gene ID. When multiple probes mapped to the same GeneID, 
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we used the probe with the highest variance in the dataset under study. We scaled and 

centered expression values for each gene to have a mean of zero and standard 

deviation of one in the dataset, prior to merging the data from the different data sets. 

The complete data-set contains data on 4,111 patients (all with ER and PR 

measurements). For the genome-wide analyses, we limited the analysis to the 3,666 

patients with valid data from at least 80% of the genes. 

ER and PR mRNA expression 

We obtained gene expression profiling data on ER and PR mRNA expression from 

4,111 patients. Patients were classified as ER+/ER-neg and PR+/PR-neg by modeling 

a mixture of 2 Gaussians from the ER mRNA and PR mRNA expression levels 

(separately). This procedure was implemented with the Mclust function in the mclust 

package in R with equal variance. A similar approach to subtyping was used in(Haibe-

Kains et al., 2012). After subtyping by ER and PR mRNA expression separately, 

patients were classified into joint ER/PR categories: ER+/PR+, ER+/PR-neg, ER-

neg/PR-neg, and ER-neg/PR+. 

ER and PR protein expression in the GEM dataset 

We obtained protein expression data from immunohistochemistry (IHC) from the 

clinical data provided in [20] and from the Broad Institute’s Genome Data Analysis 

Center 

(http://gdac.broadinstitute.org/runs/stddata__2012_12_06/data/BRCA/20121206/) for 
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patients from TCGA. In total, we obtained matched mRNA and protein expression 

data for ER and PR for 1,752 patients in the GEM dataset. 

Assessment of agreement between gene expression- and protein-based ER/PR 

classifications in the GEM dataset 

To assess inter-assay reproducibility, we computed the proportion of cases in each 

diagnostic category as determined from the protein expression data in the medical 

record (MR) that were classified into the same diagnostic category using the mRNA 

expression data. For each binary diagnostic classification schema (ER+/PR+ vs. other; 

ER+/PR-neg vs. other; ER-neg/PR-neg vs. other; and ER-neg/PR+ vs. other), we 

computed Cohen’s Kappa statistic. The Kappa score is widely used in studies of 

diagnostic agreement and interpretation can be aided by published guidelines: (<0 no 

agreement; 0–0.2 slight; 0.21-0.40 fair; 0.41-0.60 moderate; 0.61-0.80 substantial; 

0.81-1 almost perfect)(Landis and Koch, 1977). Kappa statistics were implemented in 

R using the Kappa function in the vcd package. 

Survival analyses in the GEM dataset 

Univariate survival analysis of gene expression in ER+ and ER-neg breast cancer 

We used the survival data and “traditional scaled” breast cancer gene expression 

profiling data for 2,731 patients and 13,091 genes provided in(Beck et al., 2013). 

Patients were stratified into ER+ (n = 2013, 74%) and ER-neg (n = 718, 26%) 

subtypes by modeling a mixture of 2 Gaussians from the ER mRNA expression levels. 
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Univariate survival analyses were performed using the Cox Proportional Hazards 

model, implemented with the coxph function in the survival package in R. The 

statistical significance of each gene’s survival association was estimated based on the 

gene’s Wald Test P-value in the Cox model. Survival P-Values were adjusted for 

multiple hypotheses using the method of Benjamini and Hochberg(Benjamini and 

Hochberg, 1995). 

Multivariate survival analysis of ER and PR expression levels in breast cancer 

We obtained mRNA expression data on ER and PR expression and information on 

overall survival, age, grade, lymph node status, and tumor size for 975 patients. We 

obtained information on ER and PR protein expression with overall survival, age, 

grade, lymph node status, and tumor size for 465 patients. Using these data, we built 

multivariate Cox regression models to overall survival. 

Data visualization in the GEM dataset 

For visualization of the high-dimensional data in our analyses, we produced smoothed 

versions of scatterplots with colors representative of the data densities. The smoothed 

scatterplots were generated using the smoothScatter function in the graphics package 

in R. For our plotting parameters, we used 250 bins for density estimation. The 

densities were represented (from least dense to most dense) by the following sequence 

of colors: white > beige > grey > black > orange > red. 
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Nurses’ health study (NHS) cohort 

The Nurses’ Health Study cohort was established in 1976 when 121,701 female US 

registered nurses ages 30–55 responded to a mail questionnaire that inquired about 

risk factors for breast cancer(Colditz and Hankinson, 2005). Every two years, women 

are sent a questionnaire and asked whether breast cancer has been diagnosed, and if 

so, the date of diagnosis. All women with reported breast cancers (or the next of kin if 

deceased) are contacted for permission to review their medical records so as to 

confirm the diagnosis. Pathology reports are also reviewed to obtain information on 

ER and PR status. Informed consent was obtained from each participant. This study 

was approved by the Committee on the Use of Human Subjects in Research at 

Brigham and Women’s Hospital. 

NHS tissue microarrays and immunohistochemistry 

Tissue microarrays (TMAs) have been constructed from paraffin blocks of breast 

cancers that developed between 1976 and 2000 among women enrolled in the NHS. 

Details of TMA construction and IHC procedures for ER and PR have been previously 

described(Tamimi et al., 2008). Briefly, immunohistochemical staining was performed 

for ER and PR on 5 μm paraffin sections cut from TMA blocks. Immunostains for 

each marker were performed in a single staining run on a Dako Autostainer (Dako 

Corporation). The following antibodies and dilutions were used: for ER, a mouse 

monoclonal (clone 1D5) from Dako at 1:200 dilution; and for PR, a mouse 

monoclonal (PR 636) from Dako at 1:50 dilution. Study pathologists reviewed the 
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immuno-stained sections under a microscope and estimated the percentage of tumor 

cells showing nuclear immuno-reactivity in every tissue core. A case was considered 

as positive when there was staining in >1% of the tumor cell nuclei in any of the three 

cores from that case, and negative when no nuclear staining was seen in any of the 

three cores. 

Assessment of agreement between TMA- and medical record-based ER/PR 

classifications in NHS 

A total of 2011 patients had information on ER and PR status from the medical record 

(MR) (28% by IHC, 72% by biochemical assays) and from TMAs (all by IHC). We 

computed the proportion of classifications in the MR that received concordant 

classifications by TMA and computed Kappa statistics for each of the four ER/PR 

subtypes (similar to the analysis in the GEM dataset). We note that in clinical practice 

the IHC cut-off for positive ER and PR staining changed from ~10% to 1% over the 

course of the study. This change may account for some inflation of the discordance 

estimates in the NHS data-set, as the cut-off of 1% was used for interpretation of the 

TMAs. We would expect this inflation to affect ER and PR similarly. 

Univariate and multivariate survival analyses in NHS 

To assess the association of ER and PR expression with survival, we performed 

multivariate Cox regression to breast cancer-specific survival, using age, year of 

diagnosis, treatment, stage, and grade as co-variates in the models. 
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Results 

PR mRNA tends to be expressed at low-levels in ER-negative breast cancer and 

the ER-neg/PR+ subtype is extremely rare 

We performed a genome-wide analysis to determine the relative level of PR 

expression and variability of PR expression in ER-negative and ER+ breast cancer 

(Figure 2). To determine cut-points for ER and PR positivity based on the mRNA 

data, we fit a mixture of two Gaussians to the ER mRNA data and PR mRNA data 

(separately), which produced a positivity cut-point of −1.3 for ER and 0.4 for PR. 

Based on these cut-points, we classified each of 3,666 cancers as ER+ (2,505; 68%) or 

ER-negative (1,161; 32%) based on mRNA expression levels. We then computed the 

standard deviation of each gene separately in the ER+ and ER-negative cancers. This 

analysis demonstrates that PR’s variability is strongly dependent on ER status (Figure 

2A). PR shows highly variable expression levels in ER+ breast cancer (PR is more 

variable than ~98% of genes in the genome among ER+ cancers). In contrast, PR 

expression is highly invariable in ER-negative breast cancer (PR expression is less 

variable than >99% of genes in the genome in ER-negative breast cancer). These data 

are concordant with the observation that measurement of PR expression can be used to 

aid in the stratification of ER+ breast cancer into more- and less-aggressive disease 

subtypes(Cancello et al., 2013; Prat et al., 2013; Rakha et al., 2007). The lack of 

variation of PR expression in ER-negative breast cancer suggests that it is unlikely PR 

will provide clinically or biologically useful information for the stratification of ER-

negative breast cancer. 
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To gain further insight into the relationship of ER and PR expression, we performed a 

scatterplot of ER and PR mRNA expression levels across 4,111 breast cancers (Figure 

2B). This analysis shows that ER and PR expression demonstrate a highly asymmetric 

relationship, in which PR expression tends to be low/absent in ER-negative breast 

cancer, with >95% of ER-negative cases showing relatively low-levels of PR 

expression (less than the cut-point of 0.4), while PR expression varies from low-to-

high in ER+ breast cancer, with 43% of ER+ breast cancers showing relatively high 

levels of PR expression and 57% of ER+ breast cancers showing relatively low levels 

(Figure 2B). Thus, the ER-neg/PR+ subtype is by far the most rare (n = 45; 1%). All 

other ER/PR subtypes contain at least 25% of the cancers: ER+/PR+ (n = 1,316; 32%), 

ER+/PR-neg (n = 1,720; 42%), and ER-neg/PR-neg (n = 1,030; 25%). 
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Figure 2. Genomewide analysis 

of expression variability in ER+ 

and ER-negative breast cancer. 

This smoothed scatterplot shows 
the distribution of 11,966 genes 

plotted based on their variability 

in mRNA levels in ER+ breast 

cancer (X axis) and ER-neg breast 
cancer (Y axis). The color 

represents the density of genes 

and ranges from white > beige > 

grey > black > orange > red, with 
red the most dense and white the 

most sparse. We computed the 

standard deviation (SD) of each 
gene within ER+ cases (n = 

2,505) and ER-negative cases (n = 

1,161). PR is represented by a red 

triangle in the bottom-right 
portion of the plot, demonstrating 

that PR shows highly variable 

expression in ER+ breast cancer 

(Ranked 157th out of 11,966 
genes, 1.3th percentile). 

Conversely, PR is one of the least 

variable genes in ER-negative 

breast cancer (Ranked 11,957th 
out of 11,966 genes, 99.9th 

percentile). B: ER and PR mRNA 

expression in GEM dataset. This 

smoothed scatterplot shows the 
distribution of 4,111 breast 

tumors. Each tumor is plotted 

based on its ER expression level 

(X-Axis) and PR expression level 
(Y-Axis). The color represents the 

data density and ranges from 

white > beige > grey > black > 

orange > red, with red the most 
dense and white the most sparse. 

The jagged black lines represent 

the cut-points for converting the 

continuous mRNA values into a 
positive/negative binary score. 

The cut-points used were −1.3 

and 0.4 for ER and PR, 

respectively. Based on these 
classification boundaries, 1316 

(32%) of cases were classified as 

ER+/PR+ (+/+), 1720 (42%) as 

ER+/PR-neg (+/−), 1030 (25%) as 
ER-neg/PR-neg (−/−), and 45 

(1%) as ER-neg/PR+ (−/+). 
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We assessed the ER/PR subtypes derived from the protein-based assays in the NHS 

and GEM data-sets. The three protein-based analyses showed highly similar 

distributions of the ER/PR subtypes (Figure 3), with: 60-66% of cases classified as 

ER+/PR+, 13-16% as ER+/PR-neg, 20-21% as ER-neg/PR-neg, and only 1-4% as ER-

neg/PR+. In general, the distributions of ER/PR subtypes were similar in the mRNA 

and protein-based analyses, with the exception of a significantly higher proportion of 

ER+ cases classified as PR-neg in the microarray data: ~50% of ER+ cases were 

classified as PR-neg in the mRNA dataset, compared with only ~20% in the protein 

expression data from the GEM dataset (P < 2.2e-16) and 21% and 17% in the NHS 

MR and TMA protein-based analyses. In all analyses, the ER-neg/PR+ classification 

represented the rarest ER/PR subtype, accounting for between 1 – 4% of cases. 

Figure 3. ER and PR subtype frequency and inter-assay concordance. MR, 

medical record; GEM, gene expression microarray; TMA, tissue microarray. 
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Figure  4. Inter-assay agreement confusion matrices for ER/PR subtypes. A and B present 4 × 

4 confusion matrices. A: Gene Expression Microarray (GEM) Dataset. The row and columns 

indicate the ER/PR classifications made in the medical record from the GEM dataset (rows) and by 

mRNA (columns). The value in each cell in the matrix indicates the proportion of the row’s 

subtype that was classified in the column’s subtype. The color represents the proportion agreement 

from blue (low) to red (high). B: Nurses’ Health Study (NHS) Dataset. This confusion matrix is 

similar to that described in A, but the rows represent the ER/PR classifications from the medical 

record in the NHS dataset and the columns represent the classifications made from the NHS TMA 

analysis. C: Kappa Values for the gene expression microarray (GEM) and Nurses’ Health Study 

(NHS) datasets. 
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ER-neg/PR+ is the least reproducible breast cancer subtype 

To gain further insight into whether ER-neg/PR+ breast cancer represents a true breast 

cancer disease subtype, we assessed the inter-assay reproducibility of ER/PR subtypes 

for cancers that underwent subtype classification by two methods (mRNA expression 

assessment by microarray vs. protein expression reported in the MR in the GEM data-

set; and protein expression recorded in the MR vs. analyzed by IHC on TMAs in the 

NHS dataset). For each ER/PR subtype, we computed the proportion of cases in the 

MR that received the same classification by the second method, and we computed 

Kappa statistics for each ER/PR subtype (Figure 4). 

For cases classified as ER+/PR+ by MR in the GEM data-set, 92% were classified as 

ER+ by GEM, although this percentage was split between ER+/PR+ (54%) and 

ER+/PR-neg (38%). In the NHS dataset, 89% of cases classified as ER+/PR+ by the 

MR received the same classification by TMA. The Kappa values for ER+/PR+ were 

0.37[95% CI 0.33-0.41] and 0.60[95% CI 0.57-0.64] in the GEM and NHS datasets, 

respectively. As would be expected, we see greater inter-assay concordance in the 

NHS data-set, as both assays in the NHS dataset are protein-based, while the GEM 

dataset analyses are based on the agreement of protein and mRNA expression data. 

For cases classified as ER+/PR-neg in the MR in the GEM dataset, 82% were 

classified as ER+ in the microarray data, with the ER+/PR-neg category the most 

common classification (63%). Similarly, in the NHS for cases classified as ER+/PR-

neg in the MR, 86% were classified as ER+ in the TMA data with a relatively even 
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split between ER+/PR+ and ER+/PR-neg. The Kappa values for ER+/PR-neg were 

0.19[95% CI 0.13-0.24] and 0.37[95% CI 0.30-0.43] in the GEM and NHS datasets, 

respectively. 

In the GEM dataset, 78% of ER-neg/PR-neg cases in the MR were classified as ER-

neg/PR-neg by microarray. In the NHS dataset, 69% of ER-neg/PR-neg cases in the 

MR were classified as ER-neg/PR-neg in the TMA analysis. In both data-sets, the 

majority of discordant cases were re-classified as ER+ by the second method (94% 

and 86% in the GEM and NHS datasets, respectively), with relatively few ER-neg/PR-

neg cases reclassified as ER-neg/PR+. The Kappa values for ER-neg/PR-neg were 

0.65[95% CI 0.61-0.69] and 0.63[95% CI 0.59-0.67] in the GEM and NHS datasets. 

The ER-neg/PR+ category showed by far the lowest inter-assay agreement with 

concordance of only 2/62 (3%) and 4/71 (6%) of cases classified as ER-neg/PR+ in 

the MR in the GEM and NHS datasets, respectively. In both the GEM and NHS data-

sets, the ER-neg/PR+ cases were re-classified relatively evenly into ER+ and ER-

negative subtypes, with a 50/50 and 55/45 split into ER+ and ER-negative subtypes in 

the GEM and NHS datasets, respectively. The Kappa values for ER-neg/PR+ were 

0.02 [95% CI −0.18 – 0.21] and 0.06[95% CI −0.12 – 0.25] in the GEM and NHS 

datasets, indicating no significant agreement (both 95% CI’s include zero). 

ER classifications are more reproducible than PR classifications 

To gain insight into the individual contributions of ER and PR to the reproducibility of 

joint ER/PR assessments, we assessed the inter-assay agreement of ER and PR 
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separately. In the GEM dataset, there is a higher proportion of concordance for ER 

classifications as compared with PR: 1526/1752 [87%] agreement (Kappa = 0.66 

[95% CI 0.62 – 0.70]) for ER classifications compared with 1147/1752 [65%] 

agreement (Kappa = 0.35 [95% CI 0.31-0.39]) for PR classifications (P for difference 

in proportions < 2.2e-16). The NHS dataset shows similar findings, with more 

concordance in ER classifications as compared with PR (although the difference are 

smaller than seen in the mRNA vs. Protein analysis in the GEM dataset): 1761/2011 

[88%] agreement (Kappa = 0.64 [95% CI 0.60-0.69]) for ER vs. 1634/2011 [81%] 

agreement (Kappa = 0.59[95% CI 0.55–0.62]) for PR (P for difference in proportions 

= 4.3e-8). 

We note that these Kappa estimates are likely underestimates of the inter-assay 

reproducibility observed in current clinical practice, since: 1) the GEM dataset-based 

analysis is comparing mRNA expression with IHC from data obtained across multiple 

different institutions; 2) protein expression data in the NHS MR were recorded by 

different laboratories, using multiple methods (IHC, biochemical assays), spanning 

several decades; and 3) the NHS TMA cases sampled only a subset of the tumor and 

did not have the benefit of the whole slide analysis used in routine clinical practice. 

Although these factors may produce an underestimate of Kappa values in our study, 

we would expect these limitations to affect the Kappa values for ER and PR relatively 

similarly, and thus, it is unlikely that these factors confound analyses of the relative 

reproducibility of ER compared with PR and of the relative distribution and relative 

reproducibility of the combined ER/PR subtypes. 
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PR mRNA expression and breast cancer prognosis in ER-defined subtypes 

Next, we focused our analysis on PR’s prognostic association in ER+ and ER-negative 

breast cancer. PR mRNA expression was significantly associated with improved 

prognosis in ER+ breast cancer (Adjusted P Value = 0.0003); however, in our 

genomewide analysis, we identified hundreds of genes with stronger prognostic 

association in ER+ breast cancer (PR’s association was ranked 728
th

 out of the ~13 K 

genes (~6
th

 percentile), Figure 5, Additional file 1: Table S2). The set of genes more 

prognostic than PR in ER+ breast cancer was highly enriched for genes associated 

with proliferation and cell cycle (e.g. 12% of this set of genes was associated with the 

GO term mitotic cell cycle, FDR for enrichment = 3.4e-32), including the highly 

ranked gene AURKA (Adjusted P-Value < 2.4e-13). In agreement with prior studies 

[13], we find that (in contrast to PR) ER mRNA expression levels are not associated 

with survival in ER+ breast cancer (Figure 5). 

~1.3 K genes were identified as significant at an adjusted P-Value of 0.05 in ER-

negative breast cancer. The set of top-ranked prognostic genes in ER-negative breast 

cancer was highly enriched for genes involved in the immune response (e.g. 37% of 

the genes achieving an adjusted survival P-Value of 1e-4 are associated with the GO 

term “immune response”, FDR for enrichment = 1.3e-11). PR expression was not 

significantly associated with prognosis in ER-negative breast cancer (Adjusted P-

Value = 0.21). 
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Figure 5. Genome-wide survival analysis stratified by ER status. This 

smoothed scatterplot shows the distribution of the prognostic association of 

13,091 genes in ER+ (X-axis) and ER- (Y-axis) breast cancer. The P-values 

plotted have been corrected for multiple hypothesis testing using the method of 

Benjamini and Hochberg [25]. The color represents the density of genes and 

ranges from white > beige > gray > black > orange > red, with red the most 

dense and white the most sparse. The dotted black lines represent a significance 

threshold of adjusted P = 0.05. The blue triangle represents PGR and the green 

triangle represents ESR1. PGR expression is associated with prognosis in ER+ 

breast cancer; however, 727 genes are more prognostic than PR with the most 

prognostic genes showing a prognostic association to the significance level of P 

<1 × 10^-12 as compared with the prognostic significance level of 3 × 10–4 

achieved by PR. 
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Survival analyses incorporating ER and PR expression and clinico-pathologic 

factors 

To further evaluate the clinical significance of ER and PR expression, we built 

multivariate prognostic models incorporating ER and PR protein expression and 

standard clinico-pathologic factors. In the GEM dataset, a total of 465 patients had ER 

and PR protein expression data, covariate data, and overall survival data available. 

When either ER or PR was included in multivariate prognostic models considering 

age, grade, tumor size (T) and nodal status (N), hormone receptor status was 

significantly associated with overall survival (Figure 6). When both ER and PR 

protein expression were included in the same multivariate prognostic model, neither 

ER nor PR made an independent contribution to the prognostic model. We performed 

a similar set of analyses on the NHS data set. To ensure consistent assessment of IHC 

staining we used ER and PR as measured on the TMAs, as these were produced and 

Figure 6. Cox regression to overall survival. The multivariate regression 

analyses to overall survival for the gene expression microarray (GEM) dataset are 

adjusted for nodal status, size, age and grade. Nurse’s Health Study (NHS) data 

are adjusted for age, year of diagnosis, treatment, stage and grade. Tumor size is 

measured in centimeters; nodal status is recorded as positive versus negative. 

IHC, immunohistochemistry; OR, odds ratio; TMA, tissue microarray. 
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interpreted at a central laboratory. Due to the different data points recorded for this 

cohort, age, treatment (chemotherapy and endocrine treatment, endocrine treatment 

only, chemotherapy only, or no treatment recorded), radiation (present vs. absent), 

stage, and grade were included in multivariate models to breast cancer-specific 

survival. We found that, as with the protein expression data from the GEM dataset, ER 

and PR obtained statistically significant coefficients when included in separate 

multivariate Cox models, but neither was significant when both were included in the 

same model (Figure 6). To prevent any confounding of inclusion of endocrine 

treatment in the prognostic model considering ER and/or PR, we performed the 

analysis with the exclusion of the endocrine treatment covariate. We obtained highly 

similar results suggesting no significant confounding (Additional file 1: Table S4). 

When our analyses were repeated using disease free survival (DFS) in the GEM 

dataset, ER by immunohistochemistry was significantly associated with DFS (p = 

.002) in a prognostic model considering age, grade, tumor size (T) and nodal status 

(N); however PR was not (p = .151) when included in the model (without ER). When 

both hormone receptors by IHC were included in a model to DFS, neither obtained a 

significant coefficient (p = .67 for PR, .21 for ER), similar to results observed in the 

overall survival analyses (Additional file 1: Table S3). When using the mRNA data to 

DFS, neither of the hormone receptors achieved significant coefficients when either 

one or both were included in prognostic models. However, the GEM dataset was 

collected from multiple different institutions, and thus it is possible that different 

criteria were used to define DFS at different institutions, which may weaken the DFS 
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analyses in this meta-dataset. On the NHS dataset, the DFS analysis was largely 

concordant with the results from the breast cancer-specific analysis (Additional file 1: 

Table S3), with significant (or borderline-significant) coefficients when ER and PR 

were included separately in a multivariate model, but non-significant coefficients 

when both were included in the same model. 

Next, we evaluated the prognostic significance of combined hormone receptor status 

(ER+/PR+, ER+/PR-neg, ER-neg/PR-neg). Due to the extremely small sample size of 

ER-neg/PR+ cases and to the fact that the ER-neg/PR+ cases did not satisfy the 

proportional hazards assumption, we have excluded this classification from the 

combined hormonal receptor status multivariate survival analysis. We used the 

ER+/PR+ classification as our reference group. In both the GEM and NHS dataset, the 

ER+/PR-neg group showed no significant association with decreased survival as 

compared with the ER+/PR+ by IHC. By mRNA expression levels in the GEM 

dataset, the ER+/PR-neg group was associated with decreased survival. 
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Discussion 

It is recommended that all newly diagnosed breast cancers be evaluated for PR and ER 

protein expression by immunohistochemistry(Hammond et al., 2010). The clinical 

utility of ER as a predictive biomarker to identify breast cancer patients that will 

benefit from hormonal therapy is well established(Davies et al., 2011). The added 

clinical value of assessing PR is controversial (Colozza et al., 2005; Fuqua et al., 

2005; Olivotto et al., 2004). The goals of our study were to assess the frequency, 

reproducibility, and prognostic association of breast cancer subtypes defined by 

ER/PR expression. 

Prior work has shown that PR loss in ER+ breast cancer is associated with a more 

aggressive subset of ER+ breast cancer (Cancello et al., 2013; Prat et al., 2013; Rakha 

et al., 2007). A limitation of most prior studies examining the prognostic significance 

of PR expression in ER+ breast cancer is that they have not examined the prognostic 

performance of PR relative to other genes, genomewide. It has recently been shown 

that a large number of “randomly selected” genes and gene sets obtain statistically 

significant associations with patient prognosis in ER+ breast cancer(Venet et al., 

2011), suggesting that prior to inferring the biological significance of a cancer 

biomarker (gene or gene signature) based on correlation with survival, it is necessary 

to determine the marker’s ability to stratify patients into prognostically variable groups 

relative to the performance of randomly selected genes/gene-sets in the dataset(Beck 

et al., 2013; Venet et al., 2011). 
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Our study contributes to the prior literature on the prognostic value of PR expression 

in breast cancer, by performing a genomewide survival analysis of ~13 K genes across 

~2.7 K patients stratified by ER status. In this analysis, PR expression was associated 

with prognosis in ER+ but not ER-negative breast cancer. However, PR was not 

among the most strongly prognostic markers in ER+ breast cancer, ranking in the 6
th

 

percentile genomewide, with ~5% of the ~13 K genes in the analysis showing at least 

as strong a prognostic association as PR in ER+ breast cancer. Thus, in an unbiased 

genomewide search for the most prognostic markers in ER+ breast cancer, PR would 

be unlikely to be selected. In our multivariate survival analyses from both the GEM 

and NHS datasets, ER and PR were significantly associated with survival in 

multivariate survival models considering ER or PR and standard clinco-pathologic 

factors; however, when both hormone receptors were included in the same 

multivariate model, neither ER nor PR were significant. 

The most important attribute of a cancer biomarker is not correlation with patient 

prognosis but efficacy in predicting response to specific therapies. It has long been 

hypothesized that evaluation of PR expression in ER+ breast cancer could be used to 

identify a patient subset most likely to benefit from hormonal therapy(Horwitz and 

McGuire, 1975). A recent meta-analysis of 20 randomized clinical trials of tamoxifen 

efficacy (n ~ 20 K) demonstrated that both ER+/PR+ and ER+/PR-neg patients show 

significant benefit from tamoxifen therapy, and PR is not a useful marker for 

predicting tamoxifen response in ER+ breast cancer(Davies et al., 2011). A recent 

study evaluating the ability of PR expression to predict benefit from Exemestane vs. 
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Tamoxifen in ER+ breast cancer similarly identified no association between PR 

expression and treatment benefit(Bartlett et al., 2011), providing further evidence to 

suggest that PR is a prognostic, but not a predictive biomarker in ER+ breast 

cancer(Mackey, 2011). The potential role of PR as a predictive biomarker for 

determining benefit from chemotherapy in ER+ breast cancer is also not well defined. 

A recent study by Viale et al. (Viale et al., 2008)assessed the added benefit of PR for 

predicting response to chemo-endocrine therapy in ER+ breast cancer, and the 

investigators did not identify a significant interaction of PR status with 

chemotherapeutic regimen in predicting disease free survival. The value of PR for 

predicting chemotherapy response in ER+ breast cancer remains uncertain, and this is 

an important area for future study. 

The biological and clinical significance of PR expression in ER-negative breast cancer 

is poorly understood and is controversial. Some studies have suggested that ER-

neg/PR+ breast cancers show distinct clinical and biological features, implying that 

ER-neg/PR+ may represent a true breast cancer disease subtype. Other studies have 

maintained that ER-neg/PR+ breast cancer is too rare (0 – 0.1% frequency) to 

represent a true disease subtype and that as IHC-based methods for ER/PR assessment 

improve, the ER-neg/PR+ classification will become even rarer. The recent EBCTG 

meta-analysis of randomized trials of tamoxifen efficacy identified a slight trend for 

PR expression to be associated with benefit from tamoxifen therapy in ER-negative 

breast cancer; although this result did not reach statistical significance(Davies et al., 

2011). 
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Our study makes two primary contributions to the prior body of literature regarding 

ER-neg/PR+ breast cancer. First, we perform a large gene expression microarray-

based analysis incorporating the measurement of mRNA levels of ER and PR from ~4 

K breast cancers. We find that PR is one of the least variable genes in ER-neg breast 

cancer (ranked 10
th

 genomewide, <0.1 percentile), and the great majority of ER-

negative cases show low/absent PR expression levels. Thus, ER-neg/PR+ breast 

cancer is by far the most rare breast cancer subtype defined by ER/PR expression, 

accounting for ~1% of cases in the mRNA-based analyses. We find similar findings in 

the protein-based analyses, in which the ER-neg/PR+ subtype is the rarest ER/PR 

subtype, accounting for between 1% and 4% of the cases. 

The consistency of the observation (both in our study, and in prior studies) that ER-

neg/PR+ breast is by far the most rare breast cancer subtype, accounting for ~1-4% of 

cases, establishes that ER and PR show a highly asymmetric pattern of co-expression, 

in which ER-negative implies PR-negative, but PR-negative does not imply ER-

negative. These “Boolean implications”(Sahoo et al., 2008) support the long-held 

biological model that PR is under the control of ER(Horwitz et al., 1978; Horwitz and 

McGuire, 1975, 1978, 1979). 

The second major contribution of our study to the characterization of ER-neg/PR+ 

breast cancer is that we performed an inter-assay reproducibility analysis across two 

large and diverse breast cancer datasets, in which ER and PR were assessed by 

multiple methods on the same set of tumors. This analysis shows that ER-neg/PR+ 

breast cancer is by far the least reproducible breast cancer subtype, with the vast 
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majority (94% and 97% in the 2 datasets) of cases classified as ER-neg/PR+ in the 

MR re-classified when testing was performed by a secondary method. The re-

classified cases were relatively evenly split between ER+ and ER-negative subgroups 

on repeat testing. 

Taken together, our data do not support that ER-neg/PR+ represents a biologically 

distinct or clinically useful breast cancer subtype. These data suggest that PR testing is 

not warranted in ER-neg breast cancer, as ER-neg/PR+ breast cancer is very rare and 

non-reproducible, thus the vast majority of cases classified as ER-neg/PR+ will 

represent false classifications. Our data suggests that ER+/PR-neg breast cancer 

represents a distinct disease subtype, which accounts for ~15% of breast cancers, 

shows fair reproducibility, and is associated with worse prognosis as compared with 

ER+/PR+ breast cancer; however, our genomewide analysis identifies hundreds of 

genes that are significantly more prognostic than PR in ER+ breast cancer, suggesting 

that other candidate prognostic biomarkers are likely to outperform PR for predicting 

patient survival in ER+ breast cancer. Further, until there is data to establish that PR is 

a predictive (and not merely prognostic) marker in ER+ breast cancer (and 

outperforms competing predictive biomarkers in ER+ breast cancer), the clinical 

rationale for routine PR testing in ER+ breast cancer will remain uncertain. 
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Conclusions 

The College of American Pathologists and American Society of Clinical Oncology 

recommend ER and PR testing for all newly diagnosed cases of invasive breast 

cancer(Hammond et al., 2010). While the clinical and biological importance of ER in 

breast cancer is well-established, the added clinical benefit of PR evaluation is 

uncertain. In our integrative analysis, incorporating gene expression profiling data, 

immunohistochemistry data, and clinical data across two large and diverse datasets, 

we find that: 

1. PR tends to be expressed at low levels in ER-negative breast cancer. 

2. PR expression is not associated with prognosis in ER-negative breast cancer. 

3. ER-neg/PR+ breast cancer is not a reproducible subtype. 

Thus, PR testing is of uncertain clinical utility in ER-negative breast cancer. The 

clinical utility of measuring PR expression in ER+ breast cancer is also not well-

defined. Several studies (including ours) show that loss of PR expression is associated 

with a more aggressive subset of ER+ breast cancer; however, it is important to note 

that testing for PR expression currently provides no clinically actionable information 

in ER+ breast cancer, as patients will receive endocrine therapy regardless of PR 

status and there is no consensus as to whether knowledge of PR expression by IHC has 

a role in informing the use of chemotherapy in ER+ breast cancer. Further, our study 

identifies hundreds of genes that are more prognostic than PR in ER+ breast cancer 

demonstrating that it is unlikely that PR will emerge as a top-performing prognostic 
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biomarker in ER+ breast cancer. Therefore, there is currently no strong evidence to 

support the clinical utility of routine PR testing in ER+ or ER-negative breast cancer. 

Given that breast cancer is the most common cancer diagnosed in women, eliminating 

PR testing from the routine diagnostic work-up of invasive breast cancer could save 

the health care industry tens of millions of dollars per year, with no loss in the clinical 

utility of the pathological evaluation. 
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Chapter 4 

Significance Analysis of Prognostic Signatures 

This chapter is adapted from work published in the following publication: Beck AH, 

Knoblauch NW, Hefti MM, Kaplan J, Schnitt SJ, Culhane AC, Schroeder MS, Risch 

T, Quackenbush J, Haibe-Kains B. Significance analysis of prognostic signatures. 

PLoS Comput Biol. 2013;9(1):e1002875. 
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Background 

The identification of pathways that predict prognosis in cancer is important for 

enhancing our understanding of the biology of cancer progression and for identifying 

new therapeutic targets. There are three widely-recognized breast cancer molecular 

subtypes, “luminal” (ER+/HER2−)(Ivshina et al., 2006; Loi et al., 2007a; Paik et al., 

2006; Sotiriou et al., 2006b),  “HER2-enriched” (HER2+)(Desmedt et al., 2008; Staaf 

et al., 2010)  and “basal-like” (ER−/HER2−)(Desmedt et al., 2008; Sabatier et al., 

2011;(Teschendorff and Caldas, 2008; Teschendorff et al., 2007) and a considerable 

body of work has focused on defining prognostic signatures in these(Sotiriou and 

Pusztai, 2009; Weigelt et al., 2010). Several groups have analyzed prognostic 

biological pathways across breast cancer molecular subtypes (Desmedt et al., 2008; 

Iwamoto et al., 2011; Wirapati et al., 2008); a tacit assumption is that if a gene 

signature is associated with prognosis, it is likely to encode a biological signature 

driving carcinogenesis. 

Recent work by Venet et al. has questioned the validity of this assumption by 

showing that most random gene sets are able to separate breast cancer cases into 

groups exhibiting significant survival differences(Venet et al., 2011). This suggests 

that it is not valid to infer the biologic significance of a gene set in breast cancer based 

on its association with breast cancer prognosis and further, that new rigorous statistical 

methods are needed to identify biologically informative prognostic pathways. 
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To this end, we developed Significance Analysis of Prognostic Signatures 

(SAPS). The score derived from SAPS summarizes three distinct significance tests 

related to a candidate gene set's association with patient prognosis. The statistical 

significance of the SAPSscore is estimated using an empirical permutation-based 

procedure to estimate the proportion of random gene sets achieving at least as 

significant a SAPS score as the candidate prognostic gene set. We apply SAPS to a 

large breast cancer meta-dataset and identify prognostic genes sets in breast cancer 

overall, as well as within breast cancer molecular subtypes. Only a small subset of 

gene sets that achieve statistical significance using standard statistical measures 

achieves significance using SAPS. Further, the gene sets identified by SAPS provide 

new insight into the mechanisms driving breast cancer development and progression. 

To assess the generalizability of SAPS, we apply it to a large ovarian cancer 

meta-dataset and identify significant prognostic gene sets. Lastly, we compare 

prognostic gene sets in breast and ovarian cancer molecular subtypes, identifying a 

core set of shared biological signatures driving prognosis in ER+ breast cancer 

molecular subtypes, a distinct core set of signatures associated with prognosis in ER− 

breast cancer and ovarian cancer molecular subtypes, and a set of signatures associated 

with improved prognosis across breast and ovarian cancer. 
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Results 

Significance Analysis of Prognostic Signatures 

The assumption behind SAPS is that to use a prognostic association to indicate 

the biological significance of a gene set, a gene set should achieve three distinct and 

complimentary objectives. First, the gene set should cluster patients into groups that 

show survival differences. Second, the gene set should perform significantly better 

than random gene sets at this task, and third, the gene set should be enriched for genes 

that show strong univariate associations with prognosis. 

To achieve this end, SAPS computes three p-values (Ppure, Prandom, 

and Penrichment) for a candidate prognostic gene set. These individual P-Values are 

summarized in the SAPSscore. The statistical significance of the SAPSscore is estimated 

by permutation testing involving permuting the gene labels (Figure 1) 
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Overview of SAPS method 

To compute the Ppure, we stratify patients into two groups by performing k-means 

clustering (k = 2) of an n×p data matrix, consisting of the n patients in the 

Figure 1. Overview of SAPS method. 
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dataset and the p genes in the candidate prognostic gene set. We then compute a log-

rank P-Value to indicate the probability that the two groups of patients show no 

survival difference (Figure 1A). 

Next, we assess the probability that a random gene set would perform as well as the 

candidate gene set in clustering cases into prognostically variable groups. This P-

Value is the Prandom. To compute the Prandom, we randomly sample genes to create 

random gene sets of similar size to the candidate gene set. We randomly sample r gene 

sets, and for each random gene set we determine a  using the procedure described 

above. The Prandom is the proportion of  at least as significant as the true 

observed Ppure for the candidate gene set (Figure 1B). 

Third, we compute the Penrichment to indicate if a candidate gene set is enriched for 

prognostic genes. While the procedure to compute the Ppure uses the label determined 

by k-means clustering with a candidate gene set as a binary feature to correlate with 

survival, the procedure to compute thePenrichment uses the univariate prognostic 

association of genes within a candidate gene to produce a gene set enrichment score to 

indicate the degree to which a gene set is enriched for genes that show strong 

univariate associations with survival (Figure 1C). To compute the Penrichment, we first 

rank all the genes in our meta-dataset according to their concordance index by using 

the function concordance.index in the survcomp package in R(Schroder et al., 2011). 

The concordance index of a gene represents the probability that, for a pair of patients 

randomly selected in our dataset, the patient whose tumor expresses that gene at a 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g001/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g001/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g001/
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higher level will experience the appearance of distant metastasis or death before the 

other patient. Based on this genome-wide ranking we perform a pre-ranked 

GSEA(Subramanian et al., 2007; Subramanian et al., 2005) to identify the candidate 

gene sets that are significantly enriched in genes with either significantly low or high 

concordance indices. The GSEA procedure for SAPS has two basic steps. First, an 

enrichment score is computed to indicate the overrepresentation of a candidate gene 

set at the top or bottom extremes of the ranked list of concordance indices. This 

enrichment score is normalized to account for a candidate gene set's size. Second, the 

statistical significance of the normalized enrichment score is estimated by permuting 

the genes to generate the Penrichment (See (Subramanian et al., 2007; Subramanian et al., 

2005))for further description of pre-ranked GSEA procedure), which indicates the 

probability that a similarly sized random gene set would achieve at least as extreme a 

normalized enrichment score as the candidate gene set (Figure 1C). 

The SAPSscore for each candidate gene set is then computed as the negative log10 of the 

maximum of the (Ppure, Prandom, and Penrichment) times the direction of the association 

(positive or negative) (Figure 1D). For a given candidate gene set, 

the SAPSscore specifies the direction of the prognostic association as well as indicates 

the raw P-Value achieved on all 3 of the (Ppure prognosis, Prandom prognosis, and Penrichment). 

Since we take the negative log10 of the maximum of the (Ppure prognosis,Prandom prognosis, 

and Penrichment), the larger the absolute value of the SAPSscore the more significant the 

prognostic association of all 3 P-Values. The statistical significance of the SAPSscore is 

determined by permuting genes, generating a null distribution for the SAPSscore and 

computing the proportion of similarly sized gene sets from the null distribution 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g001/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g001/
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achieving at least as large an absolute value of the SAPSscore as that observed with the 

candidate gene set. 

When multiple candidate gene sets are evaluated, after generating each gene set's 

raw SAPSP-Value by permutation testing, we account for multiple hypotheses and 

control the false discovery rate using the method of Benjamini and 

Hochberg(Benjamini and Hochberg, 1995) to generate the SAPSq-value (Figure 1E). In 

our experiments, we have required a minimum absolute value (SAPSscore) of greater 

than 1.3 and a maximum SAPSq-value of less than 0.05 to consider a gene set 

prognostically significant. These thresholds ensure that a significant prognostic gene 

set will have achieved a raw P-Value of less than or equal to 0.05 for each 

of Ppure, Prandom, andPenrichment, and will have achieved an overall SAPSq-Value of less 

than or equal to 0.05. 

Application and Validation 

We chose two model systems to investigate the performance of SAPS. The first is a 

curated sample of breast cancer datasets previously described in Haibe-Kains et 

al. (Haibe-Kains et al., 2012). Our analysis focused on nineteen datasets with patient 

survival information (total n = 3832) (Table S1). The second dataset was a 

compendium of twelve ovarian cancer datasets with survival data, as described in 

Bentink et al.(Bentink et al., 2012), which includes data from 1735 ovarian cancer 

patients for whom overall survival data were available (Table S2). 

Identifying Molecular Subtypes 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g001/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/#pcbi.1002875.s002
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/#pcbi.1002875.s003
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In breast cancer, we used SCMGENE(Haibe-Kains et al., 2012)  as implemented in 

the R/Bioconductor genefu package to assign patients to one of four molecular 

subtypes: ER+/HER2− low proliferation, ER+/HER2− high proliferation, 

ER−/HER2− and HER2+. In ovarian cancer, we used the ovcAngiogenic 

model [21] as implemented in genefu to classify patients as having disease of either 

angiogenic or non-angiogenic subtype. 

Data Scaling and Merging 

One challenge in the analysis of large published datasets is the heterogeneity of the 

platforms used to collect data. To standardize the data, we used normalized 

log2(intensity) for single-channel platforms and log2(ratio) in dual-channel platforms. 

Hybridization probes were mapped to Entrez GeneID as described in Shi et al.(Shi et 

al., 2006)  using RefSeq and Entrez whenever possible; otherwise mapping was 

performed using IDconverter (http://idconverter.bioinfo.cnio.es)(Alibes et al., 2007). 

When multiple probes mapped to the same Entrez GeneID, we used the one with the 

highest variance in the dataset under study. 

To allow for simultaneous analysis of datasets from multiple institutions, we tested 

two data merging protocols. First, we scaled and centered each expression feature 

across all patients in each dataset (standard Z scores), and we merged the scaled data 

from the different datasets (“traditional scaling”). In a second scaling procedure, we 

first assigned each patient in each data set to a breast or ovarian cancer molecular 

subtype, using the SCMGENE(Haibe-Kains et al., 2012)  and ovcAngiogenic(Bentink 

et al., 2012)  models, respectively. We then scaled and centered each expression 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/#pcbi.1002875-Bentink1
http://idconverter.bioinfo.cnio.es/
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feature separately within a specific molecular subtype within each dataset, so that each 

expression value was transformed into a Z score indicating the level of expression 

within patients of a specific molecular subtype within a dataset (“subtype-specific 

scaling”). 

After merging datasets, we removed genes with missing data in more than half of the 

samples and we removed samples that were missing data on more than half of the 

genes or for which there was no information on distant metastasis free survival (for 

breast) or overall survival (for ovarian). The resulting breast cancer dataset contained 

2731 cases with 13091 unique Entrez gene IDs and the ovarian cancer dataset had 

1670 cases and 11247 unique Entrez gene IDs for. For each of these reduced data 

matrices, we estimated missing values using the function knn.impute in the impute 

package in R(Troyanskaya et al., 2001). 

Given that breast cancer is an extremely heterogeneous disease with well-defined 

disease subtypes, and a primary objective of our work is to identify subtype-specific 

prognostic pathways in breast cancer, we focus our subsequent analyses on the 

subtype-specific scaled data. Given that ovarian cancer subtypes are more subtle and 

less well defined than breast cancer molecular subtypes, we focus our subsequent 

analyses in ovarian cancer on the traditional scaled data. SAPS scores in breast and 

ovarian cancer generated from the two different scaling procedures showed moderate 

to strong correlation across the breast and ovarian cancer molecular subtypes. 

Gene Sets 



85 
 

We downloaded gene sets from the Molecular Signatures Database 

(MSigDB) (Subramanian et al., 2005) 

(http://www.broadinstitute.org/gsea/msigdb/collections.jsp) 

(“molsigdb.v3.0.entrez.gmt”). MSigDB contains 5 major collections (positional gene 

sets, curated gene sets, motif gene sets, computational gene sets, and GO gene sets) 

comprising of a total of 6769 gene sets. We limited our analysis to gene sets with less 

than or equal to 250 genes and valid data for genes included in the meta-data sets, 

resulting in 5320 gene sets in the breast cancer analysis and 5355 in the ovarian cancer 

analysis. 

Application of SAPS to Breast Cancer 

We first applied SAPS to the entire collection of breast cancer cases independent of 

subtype. Of the 5320 gene sets evaluated, 1510 (28%) achieved a raw P-Value of 0.05 

by Ppure, 1539 (29%) by Penrichment, 755 (14%) by Prandom, 581 (11%) by all 3 raw P-

Values, and 564 (11%) of these are significant at theSAPSq-value of 0.05 (Figure 2). 

http://www.broadinstitute.org/gsea/msigdb/collections.jsp
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g002/
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Figure 2 Global breast cancer Venn diagram and scatterplot. 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g002/
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The top-ranked gene sets identified by SAPS and associated with poor prognosis in all 

breast cancers independent of subtype contained gene sets previously found to be 

associated with poor prognosis in breast cancer (Table 1). Thus it is not surprising that 

these emerged as the most significant, and this result serves as a measure of validation. 

We note that the list of top gene sets associated with poor breast cancer prognosis 

identified in our overall analysis includes the gene set 

VANTVEER_BREAST_CANCER_METASTASIS_DN, which according to the 

Molecular Signatures Database website is defined as “Genes whose expression is 

significantly and negatively correlated with poor breast cancer clinical outcome 

(defined as developing distant metastases in less than 5 years).” Our analysis suggests 

that the set of genes is positively correlated with poor breast cancer clinical outcome. 

Comparison the gene list to the published “poor prognosis” gene list from van't Veer 

et al. [26] confirms that the gene list is mislabeled in the Molecular Signatures 

Database and is in fact the set of genes positively associated with metastasis in van't 

Veer et al. [26] 

 

Table 1 Top prognostic signatures in global breast cancer. 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t001/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/#pcbi.1002875-vantVeer1
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/#pcbi.1002875-vantVeer1
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t001/
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The top-ranking gene sets associated with good prognosis were not originally 

identified in breast cancers, and represent a range of biological processes. Several 

were from analyses of hematolymphoid cells, including: genes down-regulated in 

monocytes isolated from peripheral blood samples of patients with mycosis fungoides 

compared to those from normal healthy donors, genes associated with the IL-2 

receptor beta chain in T cell activation, and genes down-regulated in B2264-19/3 cells 

(primary B lymphocytes) within 60–180 min after activation of LMP1 (an oncogene 

encoded by Epstein Barr virus). These gene sets suggest that specific subsets of 

immune system activation are associated with improved breast cancer prognosis, 

consistent with reports that the presence infiltrating lymphocytes is predictive of 

outcome in many cancers. 

We then applied SAPS to the ER+/HER2− high proliferation subtype. Of the 5320 

gene sets evaluated, 1503 (28%) achieved a raw P-Value of 0.05 by Ppure, 1667 (31%) 

by Penrichment, 1079 (20%) byPrandom, 675 (13%) by all 3 raw P-Values, and all 675 of 

these are significant at the SAPSq-value of 0.05. The top-ranking gene sets by 

SAPSscore are associated with cancer and proliferation. One of the top-ranking gene 

sets was associated with Ki67, a well-known prognostic marker in Luminal B breast 

cancers [27]. Overall, the patterns of significance are highly similar to that seen in 

breast cancer analyzed independent of subtype (Figure 3, Table 2). 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/#pcbi.1002875-Cheang1
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g003/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t002/
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Figure 3 ER+/HER2− high proliferation Venn diagram and scatterplot. 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g003/
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Table 2 Top prognostic signatures in ER+/HER2− high proliferation. 

Next, we used SAPS to analyze the ER+/HER2− low proliferation samples. Of the 

5320 gene sets evaluated, 494 (9%) achieved a raw P-Value of 0.05 by Ppure, 1113 

(21%) by Penrichment, 939 (18%) byPrandom, 303 (6%) by all 3 raw P-Values, and all 303 

of these were significant at the SAPSq-value of 0.05. The top-ranking ER+/HER2− low 

proliferation prognostic gene sets by SAPSscore are also highly enriched for genes 

involved in proliferation (Figure 4, Table 3). Top ranking gene sets associated with 

good prognosis include those highly expressed in lobular breast carcinoma relative to 

ductal and inflammation-associated genes up-regulated following infection with 

human cytomegalovirus. 

 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t002/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g004/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t003/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t002/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g004/
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Figure 4: ER+/HER2− low proliferation Venn diagram and scatterplot. 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g004/
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Table 3 Top prognostic signatures in ER+/HER2 low proliferation. 

Then, we applied SAPS to the HER2+ subset. Of the 5320 gene sets evaluated, 1247 

(23%) achieved a raw P-Value of 0.05 by Ppure, 1425 (27%) by Penrichment, 683 (13%) 

by Prandom, 439 (8%) by all 3 raw P-Values, and 342 (6%) of these are significant at 

the SAPSq-value of 0.05. Most of the top-ranking prognostic pathways in the HER2+ 

group by SAPSscore are associated with better prognosis and include several gene sets 

associated with inflammatory response (Figure 5, Table 4). A gene set containing 

genes down-regulated in multiple myeloma cell lines treated with the hypomethylating 

agents decitabine and trichostatin A was significantly associated with improved 

prognosis in HER2+ breast cancer. The top-ranking gene set associated with decreased 

survival is a hypoxia-associated gene set. Hypoxia is a well-known prognostic factor 

in breast cancer(Buffa et al., 2010; Chi et al., 2006b), and our analysis suggests it 

shows a very strong association with survival in the HER2+ breast cancer molecular 

subtype. 

 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t003/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g005/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t004/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t003/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g005/
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Figure 5 HER2+ Venn diagram and scatterplot. 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g005/
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Table 4 Top prognostic signatures in HER2+. 

Finally, we used SAPS to analyze the poor-prognosis “basal like” subtype which was 

classified as being ER−/HER2−. Of the 5320 gene sets evaluated, 786 (15%) achieved 

a raw P-Value of 0.05 by Ppure, 1208 (23%) by Penrichment, 304 (6%) by Prandom, 126 

(2%) by all 3 raw P-Values, and 25 (0.5%) of these are significant at the SAPSq-value of 

0.05. Top-ranking gene sets associated with poor survival include genes up-regulated 

in MCF7 breast cancer cells treated with hypoxia mimetic DMOG, genes down-

regulated in MCF7 cells after knockdown of HIF1A and HIF2A, genes regulated by 

hypoxia based on literature searches, genes up-regulated in response to both hypoxia 

and overexpression of an active form of HIF1A, and genes down-regulated in 

fibroblasts with defective XPC (an important DNA damage response protein) in 

response to cisplatin (Figure 6, Table 5). This analysis suggests that hypoxia-

associated gene sets are key drivers of poor prognosis in HER2+ and ER−/HER2− 

breast cancer subtypes. Interestingly, cisplatin is an agent with activity in ER−/HER2− 

breast cancer, and it is has been suggested that ER−/HER2− breast cancers with 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t004/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g006/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t005/
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defective DNA repair may show increased susceptibility to cisplatin(Silver et al., 

2010). 

 

 



96 
 

Figure 6 ER−/HER2− Venn diagram and scatterplot. 

 

 

Table 5 Top prognostic signatures in ER−/HER2−: 

Application of SAPS to Ovarian Cancer 

Our analysis for ovarian cancer was similar to that for breast cancer. We began by 

applying SAPS to the entire collection of ovarian cancer samples independent of 

subtype. Of the 5355 gene sets evaluated, 1190 (22%) achieved a raw P-Value of 0.05 

by Ppure, 1391 (26%) by Penrichment, 755 (14%) byPrandom, 497 (9%) by all 3 raw P-

Values (Figure 7, Table 6), and all 497 of these are significant at the SAPSq-value of 

0.05. The top gene sets are involved in stem cell-related pathways and pathways 

related to epithelial-mesenchymal transition, including genes up-regulated in HMLE 

cells (immortalized non-transformed mammary epithelium) after E-cadhedrin (CDH1) 

knockdown by RNAi, genes down-regulated in adipose tissue mesenchymal stem cells 

vs. bone marrow mesenchymal stem cells, genes down-regulated in medullary breast 

cancer relative to ductal breast cancer, genes down-regulated in basal-like breast 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g006/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t005/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g007/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t006/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t005/
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cancer cell lines as compared to the mesenchymal-like cell lines, genes up-regulated in 

metaplastic carcinoma of the breast subclass 2 compared to the medullary carcinoma 

subclass 1, and genes down-regulated in invasive ductal carcinoma compared to 

invasive lobular carcinoma. 

 

 

Figure 7 Global ovarian cancer Venn diagram and scatterplot. 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g007/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g007/
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Table 6 Top prognostic signatures in global ovarian cancer. 

We then analyzed the angiogenic subtype. Of the 5355 gene sets evaluated, 1153 

(22%) achieved a rawP-Value of 0.05 by Ppure, 1377 (26%) by Penrichment, 624 (12%) 

by Prandom, 371 (7%) by all 3 raw P-Values (Figure 7, Table 6), and all of these are 

significant at the SAPSq-value of 0.05. Top-ranking gene sets associated with poor 

prognosis in the angiogenic subtype include: a set of targets of miR-33 (associated 

with poor prognosis) (Figure 8, Table 7). This microRNA has not previously been 

implicated in ovarian carcinogenesis. Other top hits include several immune response 

gene sets, which were associated with improved prognosis. 

 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t006/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g007/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t006/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g008/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t007/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t006/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g008/
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Figure 8 Angiogenic subtype Venn diagram and scatterplot. 

 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g008/
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Table 7 Top prognostic signatures in Angiogenic overall. 

Finally, we analyzed the non-angiogenic subtype of ovarian cancer. Of the 5355 gene 

sets evaluated, 981 (18%) achieved a raw P-Value of 0.05 by Ppure, 957 (18%) 

by Penrichment, 658 (12%) by Prandom, 261 (5%) by all 3 raw P-Values (Figure 7, Table 

6), and of these, 254 (5%) are significant at the SAPSq-value of 0.05 (Figure 9, Table 8). 

The top ranked pathways associated with improved survival are immune-related gene 

sets and a gene set found to be negatively associated with metastasis in head and neck 

cancers. 

 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t007/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g007/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t006/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t006/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g009/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t008/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g009/


101 
 

 

Figure 9 Non-angiogenic subtype Venn diagram and scatterplot. 

 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g009/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t008/
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Table 8 Top prognostic signatures in Non-angiogenic overall. 

Integrated Analysis of Breast and Ovarian Cancer Prognostic Pathways 

To assess similarities and differences in prognostic pathways in both breast and 

ovarian cancer molecular subtypes, we performed hierarchical clustering of the disease 

subtypes using SAPSscores. Specifically, we identified the 1300 gene sets with SAPSq-

value≤0.05 and absolute value (SAPSscore)≥1.3 in at least one of the breast and ovarian 

cancer molecular subtypes. We clustered the gene sets and disease subtypes using 

hierarchical clustering with complete linkage and distance defined as one minus 

Spearman rank correlation (Figure 10). This analysis shows two dominant clusters of 

disease subtypes, with one cluster containing ER+/HER2− high proliferation and 

ER+/HER2− low proliferation breast cancer molecular subtypes, and the second 

cluster containing ovarian cancer molecular subtypes and the ER−/HER2− and 

HER2+ breast cancer molecular subtypes. SAPSscores for within ER+ breast cancer 

molecular subtypes, within ER−/HER2− and HER2+ breast cancer molecular 

subtypes, and within ovarian cancer molecular subtypes show high correlation 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/table/pcbi-1002875-t008/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g010/
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(Spearman rho = 0.61, 0.68, and 0.51, respectively, all p<2.2×10
−16

). 

Interestingly, the SAPSscores for the ER−/HER2− and HER2+ breast cancer subtypes 

show far greater correlation with the SAPSscores in the ovarian cancer molecular 

subtypes than with the SAPSscores in ER+ molecular subtypes (median Spearman rho is 

0.5 for correlation of ER−/HER2− and HER2+ breast cancer molecular subtypes with 

ovarian cancer molecular subtypes vs. 0.16 for ER− molecular subtypes with ER+ 

molecular subtypes (Figure 10). This analysis demonstrates the importance of 

performing subtype-specific analyses in breast cancer, as breast cancer is an extremely 

heterogeneous disease and prognostic pathways in ER−/HER2− and HER2+ breast 

cancer subtypes are far more similar to prognostic pathways in ovarian cancer than 

with prognostic pathways in ER+ breast cancer subtypes. Recently, the TCGA breast 

cancer analysis demonstrated that the “basal” subtype of breast cancer (ER−/HER2−) 

showed genomic alterations far more similar to ovarian cancer than to other breast 

cancer molecular subtypes (TCGA, 2012). Our findings show that ER−/HER2− breast 

cancers share not only genomic alterations but also prognostic pathways with ovarian 

cancer. 

 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g010/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g010/
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Figure 10 

Hierarchical clustering of breast and ovarian cancers and their subtypes based 

on SAPS scores. 

Examining the clusters of gene sets with differential prognostic associations across 

breast and ovarian cancer molecular subtypes shows three predominant clusters of 

gene sets. The first cluster is predominantly composed of proliferation-associated gene 

sets. The second cluster comprised a mixture of EMT-associated gene sets, gene sets 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g010/
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associated with angiogenesis, and with developmental processes. The third is 

comprised predominantly of gene sets associated with inflammation. 

The proliferation cluster of gene sets is strongly associated with poor prognosis in 

breast cancer overall and ER+ breast cancer subtypes. This supports prior studies 

demonstrating that proliferation is the strongest factor associated with prognosis in 

breast cancer overall(Venet et al., 2011)  and in its ER+ molecular subtypes(Desmedt 

et al., 2008). Interestingly, the proliferation cluster of gene sets shows little association 

with survival in ER−/HER2− and HER2+ breast cancer and ovarian cancer and its 

subtypes, and it is the EMT, hypoxia, angiogenesis, and development-associated 

cluster of gene sets that are associated with poor prognosis in these diseases/subtypes 

with these pathways showing little association with poor prognosis in ER+ breast 

cancer. The cluster of immune-related pathways tends to show association with 

improved prognosis across breast and ovarian cancer and their subtypes (Figure 10). 

Discussion 

A significant body of work has focused on identifying prognostic signatures in breast 

cancer. Recently, Venet et al. showed that most random signatures are able to stratify 

patients into groups that show significantly different survival(Venet et al., 2011). This 

work suggests that more sophisticated and statistically rigorous methods are needed to 

identify biologically informative gene sets based on observed prognostic associations. 

Here we describe such a statistical and computational framework (Significance 

Analysis of Prognostic Signature (SAPS)) to allow robust and biologically informative 

prognostic gene sets to be identified in disease. The basic premise of SAPS is that in 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g010/
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order for a candidate gene set's association with prognosis to be used to imply its 

biological significance, the gene set must satisfy three conditions. 

First, the gene set should cluster patients into prognostically variable groups. The p 

value generated from this analysis is the standard Ppure, which has been frequently 

used in the literature to indicate a gene set's clinical and biological relevance for a 

particular disease. A key insight of the SAPS method (building on the work of Venet 

et al.(Venet et al., 2011)) is that clinical utility and biological relevance of a gene set 

are two very different properties, necessitating distinct statistical tests. 

The Ppure assesses the statistical significance of survival differences observed between 

two groups of patients stratified using a candidate gene set, and thus this test provides 

insight into the potential clinical utility of a gene set for stratifying patients into 

prognostically variable groups; however, this statistical test provides no information to 

compare the prognostic performance of the candidate gene set with randomly 

generated (“biologically null”) gene sets. We believe that it is essential for a candidate 

prognostic gene set to not only stratify patients into prognostically variable groups, but 

to do so in a way that is significantly superior to a random gene set of similar size. 

Therefore, the second condition of the SAPS method is that a gene set must stratify 

patients significantly more effectively than a random gene set. This analysis produces 

the Prandom. ThePrandom directly compares the prognostic association of a candidate 

gene set with the prognostic association of “biologically null” random gene sets. 

Lastly, to avoid selecting a gene set that is linked to prognosis solely by the 

unsupervised k-means clustering procedure, the SAPS procedure additionally requires 

a prognostic gene set to be enriched for genes that show strong univariate associations 
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with prognosis. Therefore, the third condition of the SAPS method is that a candidate 

gene set should achieve a statistically significant Penrichment, which is a measure of the 

statistical significance of a candidate gene set's enrichment with genes showing strong 

univariate prognostic associations. Our results in breast and ovarian cancer and their 

molecular subtypes demonstrate that the Penrichment shows only moderate overall 

correlation with the Ppure and Prandom (range Spearman rho = (0.23–0.35), 

median Spearman rho = 0.30)) and there is only moderate overlap between 

gene sets identified at a raw p value of 0.05 by Ppure, Prandom, and Penrichment (Figures 

2A–9A). These data suggest that the Penrichmentprovides useful additional information to 

the Ppure and Prandom and allows prioritization of gene sets that are enriched for genes 

showing strong univariate prognostic associations. 

Summarizing these three distinct statistical tests into a single score is a difficult task as 

they were each generated using different methods and they test different hypotheses. 

We chose to use the maximum as the summary function (as opposed to a median or 

average, for example), as the maximum is a conservative summary measure and it is 

easily interpretable. It is important to note that the SAPS method provides users with 

the SAPSscore as well as all 3 component P values (and the 3 component q-values 

corrected for multiple hypotheses to control the FDR), and therefore the user can 

choose to use the SAPSscore or to focus on a particular SAPS component, as desired for 

the specific experimental question being evaluated. Importantly, the SAPS method 

also performs a permutation-test to estimate the statistical significance of gene 

set's SAPSscore. 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g002/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g002/
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/figure/pcbi-1002875-g009/
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To test the utility of SAPS in providing insight into prognostic pathways in cancer, we 

performed a systematic, comprehensive, and well-powered analysis of prognostic gene 

signatures in breast and ovarian cancers and their molecular subtypes. This represents 

the largest meta-analysis of subtype-specific prognostic pathways ever performed in 

these malignancies. The analysis identified new prognostic gene sets in breast and 

ovarian cancer molecular subtypes, and demonstrated significant variability in 

prognostic associations across the diseases and their subtypes. 

We find that proliferation drives prognosis in ER+ breast cancer, while pathways 

related to hypoxia, angiogenesis, development, and expression of extracellular matrix-

associated proteins drive prognosis in ER−/HER2− and HER2+ breast cancer and 

ovarian cancer. We see an association of immune-related pathways with improved 

prognosis across all subtypes of breast and ovarian cancers. Our analysis demonstrates 

that prognostic pathways in HER2+ and ER−/HER2− breast cancer are far more 

similar to prognostic pathways in angiogenic and non-angiogenic ovarian cancer than 

to prognostic pathways in ER+ breast cancer. This finding parallels the recent 

identification of similar genomic alterations in ovarian cancer and basal-like 

(ER−/HER2−) breast cancer (TCGA, 2012). 

These results demonstrate the importance of performing subtype-specific analyses to 

gain insight into the factors driving biology in cancer molecular subtypes. If molecular 

subtype is not accounted for, prognostic gene sets identified in breast cancer are 

strongly associated with proliferation (Venet et al., 2011); however, when subtype is 

accounted for, significant and highly distinct pathways (showing no significant 
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association with proliferation) are identified as driving prognosis in ER− breast cancer 

subtypes. Overall, these data show the utility of performing subtype-specific analyses 

and using SAPS to test the significance of prognostic pathways. Furthermore, our data 

suggest that ER− breast cancer subtypes and ovarian cancer may share common 

therapeutic targets, and future work should address this hypothesis. 

In summary, we believe SAPS will be widely useful for the identification of 

prognostic and predictive biomarkers from clinically annotated genomic data. The 

method is not specific to gene expression data and can be directly applied to other 

genomic data types. In the future, we believe that prior to reporting a prognostic gene 

set, researchers should be encouraged (and perhaps required) to apply the SAPS (or a 

related) method to ensure that their candidate prognostic gene set is significantly 

enriched for prognostic genes and stratifies patients into prognostic groups 

significantly better than the stratification obtained by random gene sets. 
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Methods 

Breast Cancer Datasets 

Our analysis included 19 datasets with survival data (total n = 3832) (Table 

S1). 

 

 

Ovarian Cancer Datasets 

Our analysis included 1735 ovarian cancer patients for whom overall survival data 

were available (Table S2). 

Molecular Subtype Classification 

For breast cancer, the SCMGENE model(Haibe-Kains et al., 2012)  was used in the 

R/Bioconductor genefu packageto stratify patients into four molecular subtypes: 

ER+/HER2− low proliferation, ER+/HER2− high proliferation, ER−/HER2− and 

HER2+. In the ovarian datasets we used ovcAngiogenic model(Bentink et al., 2012) as 

implemented in genefu. 

Creation of Meta-Data Sets 

For genes with multiple probes, we selected the probe with the highest variance. We 

tested two procedures for merging of data: subtype-specific scaling, and traditional 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/#pcbi.1002875.s003
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(non subtype-specific scaling) (as described in “Data-Scaling and Merging” portion of 

the manuscript). We excluded genes and cases with more than 50% of data missing. 

From these reduced data matrices, we imputed missing values using 

the impute package in R(Troyanskaya et al., 2001). These pre-processed meta-data 

sets are included as Supporting Information in Dataset S1 for both breast and ovarian 

cancer using subtype-specific and traditional scaling. 

Gene Sets 

Gene sets from the Molecular Signatures Database 

(MSigDB) [17](http://www.broadinstitute.org/gsea/msigdb/collections.jsp) 

(“molsigdb.v3.0.entrez.gmt”). Analyses were limited to gene sets of size greater than 1 

and less than or equal to 250 genes. 

Application of the Significance Analysis of Prognostic Signatures (SAPS) 

Procedure and Visualization of SAPS P Values 

The SAPS procedure is described in “Significance Analysis of Prognostic Signatures 

(SAPS)” portion of the manuscript. Briefly, for a candidate gene set, SAPS generates 

3 component p-values: Ppure,Prandom, and Penrichment. The SAPSscore is the maximum of 

these values. The Ppure is the standard log-rank p value, computed by performing K-

means clustering with a k of 2 and assessing the statistical significance of the survival 

difference between the 2 resulting clusters, implemented using the survdiff function in 

the R package survival and extracting the chi-square statistic for a test of equality of 

the 2 survival curves. To compute the Prandom, we generate a distribution of Ppure from 

http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/#pcbi.1002875.s001
http://www.ncbi.nlm.nih.gov.ezp-prod1.hul.harvard.edu/pmc/articles/PMC3554539/#pcbi.1002875-Subramanian1
http://www.broadinstitute.org/gsea/msigdb/collections.jsp
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“random” gene sets (we used 10000 random gene sets for a sequence of 8 gene set 

sizes ranging from 5 to 250), and we calculate the proportion of random gene sets of a 

similar size to the candidate gene sets that achieve aPpure at least as significant as the 

true Ppure. To compute the Penrichment, we generate “.rnk” files that include each gene 

and its concordance index for survival, implemented with the function 

concordance.index in the survcomp R package. These “.rnk” files are used in a pre-

ranked GSEA analysis implemented with the executable jar file gsea2-2.07 (which is 

downloadable from:http://www.broadinstitute.org/gsea/downloads.jsp). In our 

analyses, we set a maximum gene set size of 250 and used default GSEA parameters. 

The SAPSscore for each candidate gene set is then computed as the negative log10 of the 

maximum of the (Ppure, Prandom, and Penrichment) times the direction of the association 

(positive or negative). The statistical significance of the SAPSscore is determined by 

permutation-testing. Specifically, in our experiments, we performed 10000 

permutations of the gene labels for each of the sequence of 8 of gene set sizes ranging 

from 5 to 250. We performed the full SAPS procedure for each of the 80000 permuted 

gene sets and we generated a null distribution of 10000SAPSscores for each of the 8 

gene set sizes. The SAPSp-value was computed as the proportion of permuted gene sets 

of a similar size to the candidate gene set that achieved at least as extreme aSAPSscore. 

The SAPSp-values were then converted to SAPSq-values using the method of Benjamini and 

Hochberg (Benjamini and Hochberg, 1995). 

  

http://www.broadinstitute.org/gsea/downloads.jsp


113 
 

Supporting Information 

Dataset S1 — Supporting information data files, R scripts, and R workspaces. Data deposited 

in the Dryad repository: http://dx.doi.org/10.5061/dryad.mk471 

 

The Dataset S1 files are described below (Additional description of the files and ReadMe files 

are provided at datadryad.org). 

 

saps.R – This R script provides R commands for loading data, applying the SAPS method, and 

generating the SAPS p values. The script is interactive, and the user must specify the working 

directory, and if the analysis is on the ovarian or breast data. 

 

runSAPSonPermutedData.R – This R script generates the P_pure, P_random, and 

P_enrichment on random gene sets. 

 

computeSAPS.Permute.PValue.R – This script generates permutation-based p and q values for 

the SAPSscores obtained in breast and ovarian cancer. 

 

sapsFigures.R – This R script generates the figures, tables, and file used for clustering 

 

Breast.RData – This R-workspace contains the objects: dat, dat.st, event, st, and time. 

Breast.RData  

dat Data scaled within each dataset without knowledge of subtype. Data from all 
data-sets merged into this object, which contains expression data on 2731 
patients for 13091 genes. Patients are in rows, and entrezID’s in columns. 

dat.st Data scaled within molecular subtype within each dataset. Data from all data-
sets merged into this object, which contains expression data on 2731 patients 
for 13091 genes. Patients are in rows, and entrezID’s in columns. 

time Time (days) 

event Distant metastasis or death 

st Molecular subtype defined by SCMGENE 

 

 

Ovary.RData – This R-workspace contains the objects: dat, dat.st, event, st, and time. 

http://dx.doi.org/10.5061/dryad.mk471
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Ovary.RData  

dat Data scaled within each dataset without knowledge of subtype. Data from all 
data-sets merged into this object, which contains expression data on 1670 
patients for 11247 genes. Patients are in rows, and entrezID’s in columns.  

dat.st Data scaled within molecular subtype within each dataset. Data from all data-
sets merged into this object, which contains expression data on 1670 patients 
for 11247 genes. Patients are in rows, and entrezID’s in columns. 

time Time (days) 

event Death 

st Molecular subtype defined by SCMGENE 

 

 

BreastOutput_TradScaled.RData– This R-workspace contains the objects: allPs, allPs.adj, 

sumTable. 

BreastOutput_TradScaled.RData  

allPs Contains raw p values for 5320 genesets 
in molsigdb.v3.0.  The columns indicate 
the type of p value (P_pure, P_random, 
P_gsea) and the analysis that generated 
the p value (Global = “Global analysis”, 

ER_H = “ER+ High proliferation”, ER_L 
= “ER+ Low proliferation”, H2 = 
“HER2+”,TN = “ER-/HER2-“). These p 
values were generated on the traditional 
(non-subtype specific) scaled data. 

allPs.adj Matrix contains the adjusted p values 
using the method of Benajmini and 
Hochberg on the traditional (non-subtype 
specific) scaled data. 

 

 

BreastOutput_SubScaled.RData– This R-workspace contains the objects: allPs, allPs.adj, 

sumTable. 

BreastOutput_SubScaled.RData  

allPs Contains raw p values for 5320 genesets 
in molsigdb.v3.0.  The columns indicate 
the type of p value (P_pure, P_random, 
P_gsea) and the analysis that generated the 
p value (Global = “Global analysis”, 
ER_H = “ER+ High proliferation”, ER_L 
= “ER+ Low proliferation”, H2 = 
“HER2+”,TN = “ER-/HER2-“). These p 

values were generated on the subtype-



115 
 

specific scaled data. 

allPs.adj Matrix contains the adjusted p values 
using the method of Benajmini and 
Hochberg on the subtype-specific scaled 
data. 

 

 

OvaryOutput_TradScaled.RData– This R-workspace contains the objects: allPs, allPs.adj, 

sumTable. 

OvaryOutput_TradScaled.RData  

allPs Contains raw p values for 5355 genesets 
in molsigdb.v3.0.  The columns indicate 
the type of p value (P_pure, P_random, 
P_gsea) and the analysis that generated 
the p value (Global = “Global analysis”, 
Angio= “Angiogenic subtype” , Non-

Angio = “Non-angiogenic subtype”. 
These p values were generated on the 
traditional (non-subtype specific) scaled 
data. 

allPs.adj Matrix contains the adjusted p values 

using the method of Benajmini and 
Hochberg on the traditional (non-subtype 
specific) scaled data. 

 

 

 

OvaryOutput_SubScaled.RData– This R-workspace contains the objects: allPs, allPs.adj, 

sumTable. 

OvaryOutput_SubScaled.RData  

allPs Contains raw p values for 5355 genesets in 

molsigdb.v3.0.  The columns indicate the 
type of p value (P_pure, P_random, 
P_gsea) and the analysis that generated the 
p value (Global = “Global analysis”, 
Angio= “Angiogenic subtype” , Non-
Angio = “Non-angiogenic subtype”. These 
p values were generated on the subtype-

specific scaled data. 

allPs.adj Matrix contains the adjusted p values 
using the method of Benajmini and 
Hochberg on the subtype-specific scaled 
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data. 

 

 

FinalOutput_Breast.RData contains the results from the subtype-specific analysis in breast 

cancer, including the results of the permutation-based procedure to compute p values and q 

values for the SAPSscores. 

FinalOutput_Breast.RData  

allPs Contains raw p values for 5320 genesets in 
molsigdb.v3.0.  The columns indicate the 
type of p value (P_pure, P_random, 

P_gsea) and the analysis that generated the 
p value (Global = “Global analysis”, ER_H 
= “ER+ High proliferation”, ER_L = “ER+ 
Low proliferation”, H2 = “HER2+”,TN = 
“ER-/HER2-“). These p values were 
generated on the subtype-specific scaled 
data. 

allPs.adj Matrix contains the adjusted p values using 
the method of Benajmini and Hochberg on 
the subtype-specific scaled data. 

saps.p Permutation-based p value for each gene 
set in molsigdb generated on the subtype-
specific scaled data 

saps.p.adj Adjusted p value (q-value) to indicate the 
statistical significance of each gene set’s 
SAPSScore 

saps.score This matrix contains the maximum of each 
gene set’s raw (P_pure, P_random, P_gsea) 

saps.score.adj This matrix contains the maximum of gene 
set’s adjusted (P_pure, P_random, P_gsea) 

saps.score.r Array of dimensions 8 x 10000 x 6. The 
first dimension is the 8 sizes (from 5 to 
250) of the random gene sets. The second 
dimension is the 10000 permutations. The 
third dimension is the 6 breast cancer 
analyses performed (Global and the 5 
subtypes). Each cell in the array contains 

the SAPSScore obtained with a permuted 
gene set. 
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FinalOutput_Ovary.RData contains the results from the traditional scaled data set in ovarian 

cancer, including the results of the permutation-based procedure to compute p values and q 

values for the SAPSScores. 

FinalOutput_Breast.RData  

allPs Contains raw p values for 5355 genesets in 
molsigdb.v3.0.  The columns indicate the 
type of p value (P_pure, P_random, 
P_gsea) and the analysis that generated the 
p value (Global = “Global analysis”, 

Angio= “Angiogenic subtype” , Non-Angio 
= “Non-angiogenic subtype”. These p 
values were generated on the traditional 
(non-subtype specific) scaled data. 

allPs.adj Matrix contains the adjusted p values using 
the method of Benajmini and Hochberg on 
the traditional (non-subtype specific) scaled 
data. 

saps.p Permutation-based p value for each gene 

set in molsigdb generated on the traditional 
scaled data 

saps.p.adj Adjusted p value (q-value) to indicate the 
statistical significance of each gene set’s 

SAPSScore 

saps.score This matrix contains the maximum of each 
gene set’s raw (P_pure, P_random, P_gsea) 

saps.score.adj This matrix contains the maximum of gene 
set’s adjusted (P_pure, P_random, P_gsea) 

saps.score.r Array of dimensions 8 x 10000 x 3. The 

first dimension is the 8 sizes (from 5 to 
250) of the random gene sets. The second 
dimension is the 10000 permutations. The 
third dimension is the 3 ovarian cancer 
analyses performed (Global and the 2 
subtypes). Each cell in the array contains 
the SAPSScore obtained with a permuted 
gene set. 

 

Breast.Ps.OnPermutedData.RData contains the results of performing SAPS using permuted 

gene sets on the breast data 

Breast.Ps.OnPermutedData.RData  

P_enrich, p_pure,p_rand 8 x 10000 x 6 arrays with 
P_enrich,P_pure, and P_random p values 
from permuted gene sets 
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Ovary.Ps.OnPermutedData.RData contains the results of performing SAPS using permuted 

gene sets on the ovarian data 

Ovary.Ps.OnPermutedData.RData  

P_enrich, p_pure,p_rand 8 x 10000 x 6 arrays with 
P_enrich,P_pure, and P_random p values 
from permuted gene sets 

 

BreastSubtypeSpecScaleRankDir contains the ranked gene lists of concordance indices used 

to perform the GSEA in breast cancer 

 

OvaryTradScaleRankDir contains the ranked gene lists used of concordance indices to 

perform the GSEA in ovarian cancer 

 

 

 

 

 

 

BreastOvary_HCv2  – This directory contains files to generate Figure 10 (Hierarchical 

clustering of breast and ovarian cancer subtypes based on SAPS scores) using JavaTreeView 

(http://jtreeview.sourceforge.net/) 

 

 

molsigdb.v3.0.entrezForR – This file is used to read the molsigdb.v3.0 gene sets into R. 

 

GSEA Results: The GSEA results for each cancer subtype are presented in the directories: 

Breast_Global, Breast_ERHigh, Breast_ERLow,Breast_ERNegHer2Neg,Breast_Her2, 

Ovary_Global, Ovary_Angio, Ovary_NonAngio.  These analyses were performed to generate 

the P_enrichment as part of the SAPS Procedure. Results can be visualized by clicking the 

index.html file in each directory. 

  

http://jtreeview.sourceforge.net/
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Table S1: Breast Cancer Datasets 

 

Dataset Microarray 

technology 

Survival 

data 

No.  of 

patients 
Source Reference 

VDX 
Affymetrix 

HGU 

RFS, 

DMFS 
688 

GEO: 

GSE2034/GSE5327 

(Minn et al., 

2007; Wang 

et al., 2005) 

NKI Agilent RFS, 

DMFS, 

OS 

319 Rosetta Inpharmatics (Van de 

Vijver et al., 

2002b; Van t 

Veer et al., 

2002) 

UCSF in-house 

cDNA 

DNFS, 

RFS, 

OS 

162 Authors’ website (Korkola et 

al., 2007; 

Korkola et al., 

2003) 
STNO2 in-house 

cDNA 

RFS, OS 118 SMD (Sorlie et al., 

2003) 

NCI in-house 

cDNA 

RFS 99 Authors’ website (Sotiriou et 

al., 2003) 

MSK Affymetrix 

HGU 
DMFS 82 GEO: GSE2603 (Minn et al., 

2005) 

UPP Affymetrix 

HGU 

RFS 236 GEO: GSE3494 (Miller et al., 

2005) 

STK 
Affymetrix 

HGU 
RFS 159 GEO: GSE1456 

(Pawitan et 

al., 2005) 

UNT Affymetrix 

HGU 

RFS, 

DMFS 

133 GEO: GSE2990 (Loi et al., 

2007b; 

Sotiriou et al., 

2006c) 

UNC4 Agilent RFS, OS 241 UNC DB (Prat et al., 

2010) 

CAL Affymetrix 

HGU 

RFS, 

DMFS, 

OS 

117 AE: E-TABM-158 (Chin et al., 

2006) 

TRANSBIG 
Affymetrix 

HGU 

RFS, 

DMFS, 

OS 

198 GEO: GSE7390 
(Desmedt et 

al., 2007) 

MAINZ 
Affymetrix 

HGU 
DMFS 200 GEO: GSE11121 

(Schmidt et 

al., 2008) 

EMC2 Affymetrix 

HGU 

DMFS 204 GEO: GSE12276 (Bos et al., 

2009) 
DFHCC Affymetrix 

HGU 

DMFS 115 GEO: GSE19615 (Li et al., 

2010) 
TAM Affymetrix 

HGU 

DMFS, 

RFS 

242 GEO: 

GSE6532/GSE9195 

(Sotiriou et 

al., 2005) 
MDA5 Affymetrix 

HGU 

DMFS 298 GEO: GSE17705 (Symmans et 

al., 2010) 

VDX3 Affymetrix 

HGU 

DMFS 136 GEO: GSE12093 (Zhang et al., 

2008b) 

 

PNC Affymetrix 

HGU 

OS 85   

*Microarray datasets of unique breast cancer patients (3832) used in this study 

were retrieved from authors’ websites, Gene Expression Omnibus (GEO; 

http://www.ncbi.nlm.nih.gov/geo/), ArrayExpress (AE; 

http://www.ebi.ac.uk/arrayexpress/), Stanford Microarray Database (SMD; 

http://smd.stanford.edu/), MD Anderson Cancer Center Microarray database 
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(MDACC DB; http://bioinformatics.mdanderson.org/pubdata.html), University 

of North Carolina database (UNC DB; https://genome.unc.edu/), and Rosetta 

Inpharmatics (http://www.rosettabio.com/). Each dataset was assigned a short 

acronym and an instance number if several datasets were published by the same 

institution or consortium: EXPO: expression project for oncology, large dataset 

of microarray data published by the International Genomics Consortium (United 

States); VDX: Veridex (The Netherlands); NKI: National Kanker Instituut (The 

Netherlands); UCSF: University of California, San Francisco (United States); 

STNO: Stanford/Norway (United States and Norway); NCI: National Cancer 

Institute (United States); MSK Memorial Sloan-Kettering (United States); UPP: 

Uppsala hospital (Sweden); STK: Stockholm. Karolinska university hospital 

(Sweden); UNT: cohort of untreated breast cancer patients from the Oxford 

Radcliffe (United Kingdom) and Karolinska (Sweden) hospitals; UNC: 

University of North Carolina (United States); DUKE: Duke university hospital 

(United States); CAL: dataset  of breast cancer patients from the University of 

California, San Francisco and the California Pacific Medical Center (United 

States); TRANSBIG: dataset collected by the TransBIG consortium (Europe); 

MAINZ: Mainz hospital (Germany); LUND: Lund University Hospital 

(Sweden); FNCLCC: Fédération Nationale des Centres de Lutte contre le Cancer 

(France); MDA: MD Anderson Cancer Centter (United States); EMC: Erasmus 

Medical Center (The Netherlands); MUG: Medical University of Graz (Austria); 

NCCS: National Cancer Centre of Singapore (Singapore); MCCC: Peter 

MacCallum Cancer Centre (Australia); KOO: Koo Foundation Sun Yat-Sen 

Cancer Centre (Taiwan); EORTC10994: Trial number 10994 from the European 

Organization for Research and Treatment of Cancer Breast Cancer; (Europe) 

HLP: University Hospital La Paz (Spain); DFHCC: Dana-Farber Harvard Cancer 

Center (United States); MAQC: Microarray quality control consortium (United 

States); JBI: Jules Bordet Institute (Belgium). These datasets were generated 

with diverse microarray technologies developed either by Agilent 

(http://www.genomics.agilent.com), Affymetrix (HGU GeneChips, which 

include chips HG-U133A, HG-U133B and HG-U133PLUS2, and X3P 

GeneChip; http://www.affymetrix.com), Swegene 

(http://www.genomics.agilent.com), Operon (http://www.operon.com) or 

developed in-house (complementary DNA, cDNA, platforms). For most datasets 

survival data (distant metastasis-free survival [DMFS], relapse-free survival 

[RFS], and overall survival [OS]) and information regarding the adjuvant 

treatment (untreated, chemo, hormonal, and heterogeneous standing for no 

treatment, chemotherapy, hormonal therapy and heterogeneous combination of 

therapies, respectively) was available, otherwise missing information is referred 

to as not available (NA). Additional clinical characteristics are provided in Table 

2.  All untreated patients had surgery, and most of them had radiation therapy, 

although information is not available for all datasets. 

  

http://www.rosettabio.com/
http://www.operon.com/
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Table S2: Ovarian Cancer Datasets 

 

Dataset Microarray 

technology 

Survival 

data 
Treatment No.  of 

patients 

Number 

of probes 
Source Reference 

DFCI Ilumina 

DASL 

RFS, OS Platinum, 

chemo 

129 12,469 AE: E-MTAB-386 (Bentink et 

al., 2012) 
DUKE Affymetrix 

HGU 

OS Platinum, 

chemo 

118 22,283 http://data.cgt.duke.edu/platinum.php (Dressman 

et al., 2007) 
FIGO Agilent 

G4112A 

OS Platinum, 

chemo 

110 41,000 GEO: GSE17260 (Yoshihara 

et al., 2010) 
AOCS Affymetrix 

HGU 

RFS, OS Platinum, 

chemo 

285 54,675 GEO: GSE9899 (Tothill et 

al., 2008) 
MSKCC Affymetrix 

HGU 

OS Platinum, 

chemo 

185 22,283 GEO: GSE26712 (Bonome et 

al., 2008) 
TCGA Affymetrix 

HGU 

RFS, OS Platinum, 

chemo 

510 22,283 http://tcga-

data.nci.nih.gov/tcga/tcgaHome2.jsp 

(Bell et al., 

2011) 
BIDMC Affymetrix 

HG-U95v2 

OS Platinum, 

chemo 

53 12,625 GEO: GSE19161 (Spentzos et 

al., 2004) 
UPENN Affymetrix 

HGU 

OS Platinum, 

chemo 

55 54,675 GEO: GSE19161 (Zhang et 

al., 2008a) 
TOC Affymetrix 

HGU 

OS Platinum, 

chemo 

80 22,283 GEO: GSE14764 (Denkert et 

al., 2009) 
UMCG Operon 

human v3 

35K 

OS Platinum, 

chemo 

157 15,909 GEO: GSE13876 (Crijns et 

al., 2009) 
BWH Affymetrix 

HGU 

OS Platinum, 

chemo 

53 54,675 GEO: GSE18520 (Mok et al., 

2009) 

*Microarray datasets of unique breast cancer patients (5715) used in this study 

were retrieved from authors’ websites, Gene Expression Omnibus (GEO; 

http://www.ncbi.nlm.nih.gov/geo/), ArrayExpress (AE; 

http://www.ebi.ac.uk/arrayexpress/). Each dataset was assigned a short acronym 

and an instance number if several datasets were published by the same institution 

or consortium: DFCI: Dana-Farber Cancer Institute (United States); DUKE: 

Duke university hospital (United States); FIGO: International Federation of 

Gynecology and Obstetrics (Japan); AOCS: Australian Ovarian Cancer Study 

(Australia); MSKCC: Memorial Sloan-Kettering Cancer Center (United States); 

TCGA: The Cancer Genome Atlas (United States); BIDMC: Beth Israel 

Deaconess Medical Center (United States); UPENN: University of Pennsylvania 

(United States); TOC: tumour bank ovarian cancer (Europe); UMCG: University 

Medical Center Groningen (The Netherlands); BWH: Brigham and Women’s 

Hospital (United States). These datasets were generated with diverse microarray 

technologies developed either by Agilent (http://www.genomics.agilent.com), 

Affymetrix (HGU GeneChips, which include chips HG-U133A, HG-U133B and 

HG-U133PLUS2 GeneChips; http://www.affymetrix.com), or Operon 

(http://www.operon.com). For most datasets survival data (relapse-free survival 

[RFS], and overall survival [OS]) and information regarding the adjuvant 

treatment (platinum, chemo standing for platinum and chemotherapy 

respectively) was available, otherwise missing information is referred to as not 

available (NA). 

 

http://www.ebi.ac.uk/arrayexpress/
http://www.operon.com/
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Chapter 5 

Conclusions and Future Directions 

The field of pathology is rapidly changing. For the entire twentieth century – and 

continuing to this day for most diseases – the primary data type used in surgical 

pathology has been visual analysis of hematoxylin and eosin stained microscopic 

images. Tremendous growth in three major areas of biomedicine is causing a dramatic 

shift in the practice of pathology. These three areas of growth are: 

1. New technologies to extract near comprehensive genomic, transcriptomic, and 

epi-genomic profiles from tissue samples (See, for example, (TCGA, 2012)). 

2. The presence of increasingly massive publicly available clinically annotated 

Omics data (Butte, 2008). 

3. The growth of an increasingly large set of potential therapies to prevent and 

treat disease (Hurle et al., 2013). 

In the field of oncology, the changing landscape of pathology is particularly 

advanced. First, projects such as The Cancer Genome Atlas have demonstrated the 

ability to perform integrated Omics profiling on tumor samples in a streamlined, 

highly standardized approach (TCGA, 2012). Further, in the past several years there 

have been major developments in technologies to profile DNA mutations, DNA copy 

number alterations, DNA methylation patterns, coding RNA expression, non-coding 

RNA expression, targeted and highly multi-plexed protein expression from routine 

formalin fixed paraffin embedded patient tissue specimens (Beck et al., 2010; 

Frampton et al., 2013; Gerdes et al., 2013), which will facilitate the clinical 
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application of Omics technologies for cancer diagnostics. One of the major challenges 

going forward will be how to translate this massive quantity of data that can now be 

extracted from patient tissue samples into clinically useful biomedical knowledge and 

into clinically applicable data-driven diagnostics. 

In this dissertation, we have developed and applied new computational methods to 

begin to address these challenges. Our studies focused on breast cancer; however, our 

methods are general and should be adaptable to many other biomedical domains.   

In Chapter 2, we developed the Computational Pathologist (C-Path) system, and 

we used it to build an accurate image-based predictor of breast cancer patient survival. 

Future work in this area will aim to apply this system to early breast neoplasia, both to 

automatically accurately classify early breast neoplastic lesions, and to use the method 

to dissect the biology of breast cancer tissue-based risk factors.  Further, this method 

should be generally useful beyond breast cancer, and we would like to extend the 

approach to additional solid cancers (e.g. lung, prostate, and brain). 

In Chapter 3, we developed a new method for assessing the biological 

informativeness and clinical utility of the two most commonly used protein 

biomarkers in breast cancer diagnostics (estrogen receptor and progesterone receptor). 

Our analysis showed that progesterone receptor contributes essentially no biological or 

clinical information for the stratification of estrogen receptor negative breast cancer, 

and we identified thousands of candidate biomarkers far more informative than 

progesterone receptor. Future studies will be aimed at the validation of these 

biomarkers on additional large cohorts of breast cancer patients. If successful, these 
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studies could lead to the clinical application of improved biomarkers for breast cancer 

stratification, leading to improved individualized treatment regimens. 

In Chapter 4, we developed a new method for the identification of robust and 

biologically informative prognostic signatures from clinically annotated Omics data. 

We applied this method to identify biological signatures in breast and ovarian cancer 

and their molecular subtypes.  Our analyses uncovered highly diverse prognostic 

signatures across disease subtypes, and our studies reveal that the biological factors 

driving prognosis in estrogen receptor negative breast cancer subtypes are more 

similar to those in ovarian cancer than to those in estrogen receptor positive breast 

cancer.  Further, we expect the SAPS method to be generally useful for studies aiming 

to identify robust biological signatures predictive of clinically relevant phenotypes 

from annotated Omics datasets. Future work will aim to extend this method to the 

identification of robust biological signatures predictive of drug response to an array of 

targeted therapies. 
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Appendices 

Information on Copyright and Author Contribution for  

Chapters Adapted from Published Manuscripts 

Chapter 2: Morphology: The Computational Pathologist 

This chapter is adapted from work published in the following publication: Beck AH, 

Sangoi AR, Leung S, Marinelli RJ, Nielsen TO, van de Vijver MJ, West RB, van de 

Rijn M, Koller D. Systematic analysis of breast cancer morphology uncovers stromal 

features associated with survival. Sci Transl Med. 2011 Nov 9;3(108):108ra113. doi: 

10.1126/scitranslmed.3002564. 

Copyright Statement: The American Association for the Advancement of Science 

(AAAS), the non-profit publisher of Science Translational Medicine specifies in their 

“AAAS Author License to Publish Policy” that: 

Authors can immediately use final works for non-profit purposes—no 

permission needed. The author retains the non-exclusive right to use the final, 

published version of the work, immediately after it is made public by AAAS 

and without further permission, for educational and other non-commercial 

purposes. Such purposes include, for example, print collections of the author’s 

own writings; completion of the author’s thesis or dissertation. 

Author Contributions: I made a major contribution to all aspects of this project, 

including: experimental design, development of the Computational Pathology (C-Path) 

image analysis platform, construction and evaluation of the C-Path prognostic models, 

and manuscript preparation.  
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Chapter 3: Biomarkers:  Systematic Re-evaluation of Standard of Care Protein 

Biomarkers in Breast Cancer. This chapter is adapted from:  Hefti MM, Hu R, 

Knoblauch NW, Collins LC, Haibe-Kains B, Tamimi RM, Beck AH. Estrogen 

receptor negative/progesterone receptor positive breast cancer is not a reproducible 

subtype. Breast Cancer Res. 2013 Aug 23;15(4):R68. 

Copyright Statement: The journal Breast Cancer Research is part of the Biomed 

Central collection of journals, which states in its copyright policy that: 

Copyright on any research article in a journal published by BioMed Central is 

retained by the author(s),” and:  Anyone is free: to copy, distribute, and display 

the work; to make derivative works; to make commercial use of the work; Under 

the following conditions: Attribution the original author must be given credit; for 

any reuse or distribution, it must be made clear to others what the license terms of 

this work are; any of these conditions can be waived if the authors gives 

permission. 

Author Contributions: I made a major contribution to all aspects of this project, 

including: experimental design, construction and analysis of the gene expression 

microarray meta-data set, identification of prognostic genes in ER+ and ER- breast 

cancer, performance of reproducibility and multivariate survival analyses, and 

manuscript preparation. 

Chapter 4: Genomic Signatures:  Significance Analysis of Prognostic Signatures. 

This chapter is adapted from work published in the following publication: Beck AH, 

Knoblauch NW, Hefti MM, Kaplan J, Schnitt SJ, Culhane AC, Schroeder MS, Risch 

T, Quackenbush J, Haibe-Kains B. Significance analysis of prognostic signatures. 

PLoS Comput Biol. 2013;9(1):e1002875. 

Copyright Statement: PLoS Computational Biology is published by the Public Library 

of Science (PLoS), which applies the Creative Commons Attribution License (CCAL) 
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