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Abstract 

My thesis research has centered on the concept of the peripheral blood cell (PBC) 

as an indicator of disease and environmental exposure. Historically, PBCs have served as 

indicators of health based on count, morphology or the expression of particular cell 

surface markers. Now PBCs can be characterized as a function of their gene expression 

profiles in response to disease and toxicant exposure, creating a molecular phenotype, or 

signature. These signatures serve as biological markers (biomarkers) that can indicate 

the presence of disease or aid in monitoring the response to treatment while providing 

insight into the underlying biological mechanisms at work. This paradigm has been 

applied in a number of contexts, including toxicant exposure and solid tumors. In the 

work presented here, we describe signatures of lead (Pb) exposure and breast cancer 

based on peripheral blood gene expression.  

Our objective in generating a blood-based signature of lead exposure was to 

develop a potential predictor of past and present exposure. This is particularly relevant 

because of continued widespread Pb exposure through both environmental and 

occupational sources. Pb causes significant toxicities in a number of different organ 

systems and is considered a potential carcinogen. Recent work also indicates that even 

low-level Pb exposure can impact health, especially in children, who are more 

susceptible to these negative health consequences. We used a mouse model of per os Pb 

exposure to generate signatures corresponding to two different doses of Pb, reflecting 

either high-level exposure or low-level exposure. We also analyzed the gene expression 

changes following removal of the Pb source. We were able to generate robust, dose-

specific signatures of Pb exposure, supporting the growing body of evidence that even 
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low levels of Pb exposure can have biological effects, and that there is likely no safe level 

of exposure. We also utilized a collection of pathway signatures to identify those 

pathways that were activated or repressed in response to Pb exposure compared to 

controls. We observed an increase in interferon-gamma pathway activity in response to 

low-level Pb exposure and an increase in E2F1 pathway activity in response to high-level 

Pb exposure. These results support previous findings that low-level Pb exposure can 

increase interferon-gamma production, whereas high-level Pb has been shown to 

increase DNA synthesis.  

We also describe a predictor of human breast cancer based on peripheral blood 

gene expression. The objective of this study was to identify and characterize PBC gene 

expression patterns associated with the presence of a breast tumor. A blood-based breast 

tumor predictor would potentially offer an easy and noninvasive means of detecting 

primary breast cancer as well as monitoring patients for recurrences or metastases. In 

addition, the concept of using a blood-based biomarker for cancer detection would have 

positive implications for other types of cancer for which there are no effective screening 

methods, such as ovarian cancer. We were able to successfully identify a robust predictor 

of human breast tumors based on PBC gene expression. This predictor exhibits a high 

level of sensitivity and specificity in distinguishing breast cancer patients and controls in 

an independent validation cohort.  However, the true novelty in this study is that it 

integrates a factor modeling approach and a transgenic mouse model of breast cancer to 

identify biologically meaningful gene expression changes in the mouse PBC 

transcriptome. These genes were then used as the starting point for developing a human 

breast cancer predictor. This establishes an experimental system in which we can 

address questions that are inherently difficult to answer in human studies, such as 
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whether this predictor is useful in detecting breast tumors early or in monitoring 

patients for recurrence or metastasis. In fact, our work suggests that tumor-associated 

gene expression changes in the PBCs can be detected in asymptomatic mice. Our results 

support those of previous studies, while improving upon the sensitivity and specificity of 

the predictions. This may suggest that our strategy of using a mouse model to first 

identify informative genes allowed us to focus on those genes most relevant to the 

presence of a breast tumor and overcome the influence of the high degree of variation in 

blood gene expression in our human population. In order to be clinically useful, the 

predictor we report here would need to be tested in additional, large validation sets to 

establish its utility in an early detection setting and its specificity in distinguishing breast 

cancer from other cancer types as well as other potentially confounding conditions such 

as infection and inflammation. We describe some preliminary experiments in the mouse 

model intended to address these important questions.
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1. Introduction  

1.1. The Era of Personalized Medicine 

February 2011 marks the 10-year anniversary of the completion of the first two 

drafts of the human genome (1). This monumental task required billions of dollars, the 

efforts of scientists across the world and over a decade to complete. Many touted the 

completion of the Human Genome Project as the beginning of personalized medicine 

and the key to curing disease. Indeed, we have already witnessed some of the fruits of 

this labor as evidenced by breakthroughs in cancer genomics, discoveries about the 

molecular basis of inherited diseases and a greater understanding of the contribution of 

genomic structural variation to human health (2-4). Such successes have prompted 

many in the popular press to herald the arrival of the personal genomics era. This type of 

optimism is evident in a statement from then Senator Barack Obama on the Genomics 

and Personalized Medicine Act: 

 

Over the past decade, we have unlocked many of the mysteries about DNA and 
RNA. …This knowledge isn’t just sitting in books on the shelf nor is it confined to 
the workbenches of laboratories. We have used these research findings to 
pinpoint the causes of many diseases. … Moreover, scientists have translated this 
genetic knowledge into several treatments and therapies prompting a bridge 
between the laboratory bench and the patient’s bedside.  

Sen. Barack Obama (S.976), March 23, 20071 

 

However, it is clear that there are many hurdles to realizing the promises of the 

Human Genome Project. An equally tremendous task remains in front of us; namely, 

translating this wealth of genomic information into meaningful insights for the 

                                                        

1 S.976: Genomics and Personalized Medicine Act of 2007 
(http://www.govtrack.us/congress/billtext.xpd?bill=s110-976)  
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prevention, diagnosis and treatment of disease.  The key to this next step lies in the basic 

dogma taught in genetics courses – the relationship between genotype and phenotype. 

Since Mendel’s discoveries, geneticists have been fascinated with understanding the link 

between the “molecule of life,” DNA, and the variation it gives rise to. Investigating this 

phenomenon may involve observing a phenotype of interest and attempting to track 

dawn the causal genetic element(s) or it may mean introducing experimental changes to 

the genome and learning from the resulting phenotype. No matter what the approach, 

the concept of linking genotype with phenotype is especially important in human health 

and disease where we can apply this knowledge to improving health care, extending 

longevity and providing a high quality of life throughout each stage of human 

development. Since the first draft of the human genome, DNA sequencing technology 

has advanced at such a rate over the past decade that we can now sequence an 

individual’s entire genome in a single day for less than $6000 (5). In essence, we can 

have access to a person’s complete genotype. Although genome sequencing can currently 

provide information about Mendelian diseases and limited estimates of the risk of 

developing certain complex diseases, we are a long way from being able to provide 

comprehensive diagnosis of disease, prediction of future risk or an assessment of the 

most appropriate preventive strategies and therapeutics. In 1902, when Archibald 

Garrod described an inherited disease called an inborn error of metabolism, he also 

described a concept that he called “chemical individuality.” 

…the factors which confer upon us our predisposition and immunities from 
disease are inherent in our very chemical structure, and even in the molecular 
groupings which went to the making of the chromosomes from which we sprang. 

Archibald Garrod, 1902(6) 

Garrod could only imagine a time when this chemical individuality could be 

known, catalogued and linked to human disease. The tools simply did not exist in his 
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lifetime. In fact, it would be half a century until Watson and Crick would publish the 

structure of the double helix2. Unlike Archibald Garrod, however, we now have the tools 

to dissect our very chemical structure. In fact, the age of genomics has yielded a plethora 

of tools for analyzing the genome, including DNA, RNA, proteins and metabolites. The 

challenge now is to integrate these with existing clinical tools, such as family health 

histories and health risk assessments in order to gain an understanding of the genomic 

causes of disease and apply this knowledge to medical decision-making (7).  

1.2. Using Genomic Analysis to Dissect Complex 

Phenotypes 

Researchers and physicians now have a variety of tools at their disposal for 

assessing variation at a global level: genome and transcriptome sequencing; analysis of 

genes, proteins and metabolites; and assessment of chromosomal aberrations. These 

tools give us the ability to establish potential biomarkers of disease and environmental 

exposure that can be used in the clinic and the laboratory. In the clinic, these biomarkers 

can be applied to improve the accuracy of diagnosis and inform the selection of effective 

therapies. In addition, these tools aid scientific researchers in their goal to better 

understand and dissect complex biological phenotypes by revealing underlying 

mechanisms of disease.  

1.2.1. Toxicogenomics 

Advances in genomic technologies have revolutionized the field of toxicology. 

This field is dedicated to identifying environmental factors that pose risks to human 

health and assessing or quantifying that risk. Toxicologists are facing the issue of how to 

                                                        

2 On April 25, 1953 James Watson and Francis Crick first describes the double helical structure of DNA.  
Watson J.D. and Crick F.H.C. (1953) A Structure for Deoxyribose Nucleic Acid. Nature 171, 737-738. 
 



 

4 

best dissect the complex biological phenotypes associated with the myriad of toxins we 

are exposed to every day. Complicating this is the fact that the health problems caused by 

environmental exposures can manifest themselves as vague and common symptoms that 

can be caused by a number of different diseases and/or toxins and affect a wide range of 

tissues and organ systems. Dissecting the complex phenotypes associated with 

environmental exposures is made even more complicated because of the contribution of 

natural human genetic variation, developmental stage at the time of exposure, gender 

differences, level and duration of exposure and the presence other disease states. In 

addition, environmental and occupational exposures can often co-occur, meaning that 

individuals are often exposed to multiple toxins simultaneously thus making diagnosis 

rather difficult.  

Toxicologists have traditionally used a number of in vivo and in vitro systems to 

study the relationship between an exposure and a well-defined biological endpoint. 

However, even the most comprehensive studies carried out in this manner struggle to 

address all of the complicating and confounding factors listed above. New genomic tools, 

which include genome-wide analyses of susceptibility genes, gene expression, protein 

expression, and epigenetic modifications, offer new methods of characterizing the effects 

of an exposure and establishing its relationship to the biological endpoint of interest 

(called phenotypic anchoring) (8-10). These genomic profiles offer a common language 

for comparing exposures under a wide variety of conditions (dose, type, etc.). These new 

approaches to understanding the impact of environmental exposure on human health 

have given rise to the hybrid field of toxicogenomics, which focuses on the application of 

molecular tools to the study of toxicant effects at the whole-genome level. The ultimate 

goal of this new field is to provide an understanding of the complex biological responses 
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to toxic exposure by generating comprehensive genomic profiles of exposures (11-16). 

Toxicogenomics may also allow researchers to characterize dose response at low levels of 

exposure for which no adverse effects are readily observed, and even predict future 

health outcomes based on assessments of exposure (17, 18).  

There are many highly collaborative efforts underway to develop standardized 

methods of collecting and comparing this type of data as well as efforts to create an easily 

accessible repository for the data. Some of the existing public databases with this so-

called chemogenomic information include the Chemical Effects in Biological Systems 

(CEBS) knowledgebase (19, 20), Public Expression Profiling Resources (PEPR) web 

database3, ArrayExpress genomic repository4 genomic repository (21), the Gene 

Expression Omnibus (GEO) repository5, and the Environment, Drugs, and Gene 

Expression database (EDGE) (22). 

An example of the successful use of toxicogenomic tools in improving human 

health can be seen in work done by Dressman, et al., which successfully used gene 

expression profiling of peripheral blood mononuclear cells (PBMCs) to identify mice and 

human patients exposed to specific doses of radiation (23).   Additional investigation 

showed that these signatures could accurately predict radiation exposure in another 

mouse strain and up to seven days after the exposure (24). The group also identified 

gene expression signatures of partial body irradiation that showed specificity based on 

the area of the body exposed and the dosage received (25). 

Similarly, in the field of benezene exposure, researchers have taken full 

advantage of genomic tools to generate a comprehensive genomic profile of human 

                                                        

3 http://pepr.cnmcresearch.org/jsp/background.jsp 
4 http://www.ebi.ac.uk/arrayexpress 
5 http://www.ncbi.nlm.nih.gov/geo/ 
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benzene exposure. Zhang et al. (26) combine a variety of whole-genome approaches to 

reveal novel biology associated with human benzene exposure. They integrate gene 

expression profiling, proteomic analysis, sequencing of susceptibility genes and 

functional targeting of those genes using RNAi techniques to better understand how 

benzene causes hemtatotoxicity and ultimately leads to leukemia. Although this work is 

ongoing, the group have already identified genes and pathways associated with 

hemtatotoxicity (27) and some associated chromosomal abnormalities (27-29). Other 

groups in the benzene exposure field have described characteristic hypomethylation 

profiles (30) and gene expression patterns (31, 32). Genomic studies have also helped 

strengthen the case for benzene as a carcinogen. Smith, et al. (33) have studied the 

benzene metabolome and the leukemic “exposome” as a novel approach to 

understanding how low-level benzene exposure is related to carcinogenesis. Additional 

work by Heijne et al. (31) and Hendriksen et al. (32) demonstrate the use of 

transcriptomics in dissecting concomitant exposures that include benzene.  

 Many of the same toxicogenomic principles that have been successful in benzene 

research are being applied to studies of Pb exposure. For example, Ruden et al. used 

expression quantitative trait locus mapping techniques to identify genomic regions 

containing putative “master-regulators” of response to Pb exposure in fruit flies (34). 

Bouten et al. (35) characterized gene expression in immortalized astrocytes, thus 

confirming several genes previously reported to be induced by lead and also identifying 

some novel ones. This work prompted a follow up study, which investigated the 

mechanisms by which Pb induced vascular endothelial growth factor (VEGF) expression 

in astrocytes, demonstrating the potential for microarray studies to reveal novel 

mechanisms of toxicity (36). Finally, Kasten-Jolly et al. have described the effects of 
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developmental Pb exposure on gene expression in the spleen (37). The results of this 

study provided insight into the role of Pb exposure on inhibition of heme biosynthesis 

and the generation of peptides that could contribute to autoimmune syndromes. It is 

vital to understand the effects of Pb exposure on target tissues and organs, and the gene 

expression patterns described in these studies serve as biomarkers of effect. However, 

spleen and brain tissues are not easily accessible and thus do not represent a means to 

assess exposure in a noninvasive manner. Our study, which presents the first microarray 

analysis of the effects of Pb exposure on PBCs, highlights the potential to use blood-

based biomarkers to identify low- and high-level exposures and gain a better 

understanding of the underlying mechanisms of Pb toxicity.   

1.2.2. Cancer Genomics 

Perhaps no field offers better examples of the application of genomic 

technologies than that of cancer genomics, which has made significant strides in 

successfully applying the tools of genomics to dissect the complexity and heterogeneity of 

cancer. The ultimate goal in this field is to classify cancers based on a comprehensive 

understanding of the cancer genome, and then apply this knowledge to the treatment of 

disease. Approaches include analyzing tumor gene expression (38-41), characterizing the 

loss and amplification of genes (42-46), sequencing the entire cancer genome or specific 

subsets of genes already known to play a role in oncogenesis (43, 44, 47). Other more 

functional approaches have included systematic targeting of oncogenes with RNA 

interference (RNAi) to discover potential therapeutic targets (48, 49) or screening the 

effects of large libraries of compounds on gene expression in cancer cells to better 

understand cancer biology and identify drugs with potential anti-cancer activity (50, 51).  
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Many recent studies take advantage of the increasing accessibility and 

affordability of genomic technologies by taking a multifaceted approach to 

understanding the cancer genome. The most prominent example of this is The Cancer 

Genome Atlas (TCGA)6. The TCGA, a program piloted by the National Institutes of 

Health (NIH) in 2006, used this strategy of layering genomic information to better 

understand heterogeneity within cancer. Since 2009, the TCGA has sought to establish 

comprehensive genomic maps of 20 different cancer types. While this ambitious 

program has already had significant payoffs in the field of glioblastoma (52), the work is 

ongoing. The long-term goal of the project is to revolutionize cancer treatment. However, 

the short-term rewards come from the wealth of data made available to researchers who 

are studying combination therapies and targeted therapies. The genomic data provided 

through the TCGA will allow them to categorize patients based on gene expression, 

chromosomal aberrations, sequence polymorphisms, gene variants or some combination 

of these and then test whether these categories respond differently to treatment (45). 

Regardless of the approach, it is now abundantly clear that cancers of the same 

tissue of origin, which were once thought of and treated as a single disease, can be 

stratified based on genomic information. Our laboratory, among others, has focused on 

gene expression as one means to better classify tumors in a way that not only instructs us 

about the biology of cancer, but also provides meaningful information about those genes 

and pathways that can be targeted therapeutically. This stratification often transcends 

traditional classification based on stage and other clinical factors (53-55). Most 

importantly, these subtypes are associated with significant differences in prognosis (53-

56), response to chemotherapy (56), metastatic potential (57, 58), chromosomal 

                                                        

6 http://www.genome.gov/17516564 
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aberrations (59) and the activity of important pathways in oncogenesis (59-61). Each of 

the studies listed here centers around the concept of using gene expression data as a 

surrogate molecular phenotype, or signature. This approach allows us to identify new 

cancer subtypes and predict important clinical features. However, the power of this 

approach is the ability of these molecular phenotypes to serve as a common currency 

between different experimental systems (e.g. primary cell culture systems, cancer cell 

lines, murine models and human clinical samples). This aspect is the key to our own 

studies, which rely on mouse models to generate robust gene expression signatures, 

which can then be used to better understand the underlying mechanisms of biological 

and pathological processes. These gene expression signatures can also serve as the basis 

for developing biomarkers of human disease. 

1.3 Gene Expression Signatures as Molecular 
Phenotypes 

 Previous work in our laboratory has led to the development of a standard 

framework for developing gene expression signatures that reflect a particular biological 

state (62). The strength of these signatures is driven by the ability to model two distinct 

biological states in a defined and controlled system and generate a molecular phenotype 

based on differential patterns of gene expression. These signatures represent the 

extremes along a phenotypic continuum, but have been used to predict the status of 

samples that exist at an unknown point along the continuum. In each of these cases, the 

signature is generated directly from the tumor tissue or cells that have been perturbed in 

some way.  Now, we have adapted this approach to develop gene expression signatures 

that reflect the peripheral blood cell response to an internal physiological change or an 

external environmental exposure. In this way, peripheral blood gene expression patterns 
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serve as molecular phenotypes of disease and exposure. These molecular phenotypes 

offer the advantage of providing not only a convenient way to monitor exposure or 

disease state through blood sampling, but also a wealth of information about the 

biological effects on the transcriptome. This type of data can provide insight into the 

underlying biological mechanisms and pathways that play a role in the response to an 

environmental exposure, or the role of the peripheral blood cells in diseases, such as 

cancer. 

1.4 Peripheral Blood Cells as Natural Biosensors 

1.4.1 Peripheral Blood Cells   

Peripheral blood is an extremely heterogeneous tissue composed of a number of 

different cell types that have a wide array of functions.  The cellular components of blood 

(referred to as peripheral blood cells or PBCs) include platelets, red blood cells, and 

white blood cells. Platelets (or thrombocytes) come from the fragmentation of the 

precursor megakaryocyte and do not possess a nucleus.  They play an important role in 

hemostasis and the formation of blood clots.  They are also a source of growth factors, 

including platelet-derived growth factor and transforming growth factor beta.  Red blood 

cells (also referred to as erythrocytes) are the predominant type of cell in the peripheral 

blood and have the important task of delivering oxygen to the tissues of the body via the 

circulatory system.  These cells bind oxygen with an iron-containing molecule called 

hemoglobin that is abundant in the cytoplasm, giving the cell its red color.  White blood 

cells (or leukocytes) are immune cells and defend the body against foreign pathogens 

and infections.   

There are five different types of leukocytes (neutrophils, eosinophils, basophils, 

lymphocytes and monocytes), all of which are derived from a multipotent hematopoietic 



 

11 

stem cell. Leukocytes can also be grouped into two categories based on the presence or 

absence of granules in the cytoplasm: granulocytes and agranulocytes.  Granulocytes 

(polymorphonuclear leukocytes) have granules in their cytoplasm that can be viewed 

under the light microscope because of differential staining.  These include neutrophils, 

basophils and eosinophils.  Neutrophils are involved in the immune response to bacterial 

or fungal infection and function by phagocytosing pathogens. Basophils are an important 

component of allergic responses as they release histamine and initiate inflammation.  

Eosinophils are involved in immune response to parasitic infections and are also 

predominant in allergic responses.  Agranulocytes (mononuclear leukocytes) lack 

apparent granules in their cytoplasm and include lymphocytes, monocytes and 

macrophages. The blood typically has three types of lymphocytes: natural killer cells, T 

cells and B cells. Natural killer cells are a type of cytotoxic lymphocyte that is able to kill 

cancerous cells as well as cells infected by viruses by releasing cytoplasmic granules 

(perforin and granzyme) that cause apoptosis. T cells (or T lymphocytes) play an integral 

role in cell-mediated immunity and are distinguished by the presence of cell surface 

receptors called T cell receptors. There a number of specialized T cells that perform very 

specific functions.  These include T helper cells, cytotoxic T cells, memory T cells, 

regulatory T cells, natural killer T cells and gamma delta T cells. B cells are the central 

players in the body’s humoral response and are responsible for making antibodies 

against antigens, as well as antigen presentation and immune memory (63). 

1.4.2 Peripheral Blood Cells as Indicators of Disease and 

Environmental Exposure 

The peripheral blood is abundant and easily accessible by routine venipuncture. 

This makes the blood an attractive surrogate tissue for assessing the presence of disease 

or the level of toxicant exposure (64). Furthermore, peripheral blood cells have a long 
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history as an indicator of disease and exposure. Physicians commonly use white blood 

cell counts and differentials as tools to investigate allergies, infection and even leukemia. 

These cells are a well-documented indicator of disease based on morphology or 

expression of particular cell surface markers. Recent studies have also shown that PBC 

gene expression profiles reflect a variety of disease phenotypes and environmental 

exposures (Figure 1).  For example, Dressman et al. successfully used gene expression 

profiling of peripheral blood mononuclear cells (PBMCs) to identify patients exposed to 

varying doses of radiation.  Gene expression analysis of PBMC transcript levels was used 

to identify signatures that reflected prior radiation exposure in mice, with specificity in 

terms of dosage.  Furthermore, these signatures were used to predict radiation exposure 

in samples from human patients (23).   Additional investigation showed that these 

signatures could accurately predict radiation exposure in another mouse strain and up to 

seven days after the exposure (24).  

 

Figure 1. Schematic describing the role of the peripheral blood cell as an 
indicator of various physiologic and pathologic conditions. 
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Other researchers have identified patterns of gene expression that distinguish 

between phenotypes in viral and bacterial infections (65-67), inflammatory diseases 

(68), leukemia and lymphoma (40, 41), and even neurological disorders (69).  Moreover, 

researchers have identified surrogate transcriptional markers that reflect the presence of 

solid tumors, such as renal cell carcinoma (70), melanoma (71) and even breast cancer 

(72, 73).  Twine et al. identified PBMC transcripts that were differentially expressed 

between patients with advanced renal cell carcinoma and normal individuals.  

Additionally, they identified small sets of genes that were able to accurately discriminate 

between PBMCs from cancer patients and healthy controls (70).  Furthermore, these 

gene sets have some prognostic value and specificity of tumor type (74).  A similar 

predictive gene set was identified in melanoma patients.  This 10-gene signature, which 

was identified in a purified population of CD8+ T cells, was shown to accurately 

discriminate between T cells from melanoma patients and healthy controls with a p-

value of ≤ 0.05 (71).  Sharma et al. identified a set of 37 genes, which discriminated 

between blood samples from breast cancer patients versus healthy subjects with 82% 

accuracy (73). In a 2010 follow-up study, this group performed a similar analysis using a 

larger sample set and a commercially available microarray platform. They were able to 

generate a 738-gene expression signature that discriminated between breast cancer 

patients and controls with 79.5% accuracy (72). In a study of patients with colorectal 

cancer, Han, et al. found a 5-gene classifier that was able to identify samples with 88% 

sensitivity and 64% specificity (75). In non-small cell lung cancer, researchers have 

reported a gene expression profile capable of distinguishing patients with disease from 

healthy controls with 78% accuracy. Furthermore, they reported that this expression 

signature diminished or disappeared altogether in patients following surgery (76). 
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Together these findings support the concept that solid tumors can elicit specific changes 

in gene expression in circulating blood cells. Additionally some of these reports suggest 

that peripheral blood gene expression signatures may be useful in determining prognosis 

(74) or predicting response to therapy (77, 78).  

2. Peripheral Blood Gene Expression Signatures 

of Lead Exposure 

The development of human cancers is clearly a complex process reflecting the 

acquisition of large numbers of genome alterations.  For example, DNA sequence 

analysis of the human breast cancer genome has revealed that there are, on average, 39 

to 193 mutations that alter amino acid composition in a typical breast tumor; it is 

estimated that an average of 14 mutations per tumor are responsible for driving 

tumorigenesis. While substantial progress has been made in identifying the alterations in 

cancer genomes, much less is understood of the contributions of environmental agents in 

defining the course of cancer development.   

Mounting evidence indicates a role for Pb in carcinogenesis. Epidemiological 

studies show that environmental and occupational Pb exposures increase cancer risk, 

particularly lung and stomach cancer (79-82). There is also ample evidence from animal 

studies that Pb is carcinogenic, causing lung, brain, hematopoietic and kidney tumors 

(83-85). Furthermore, recent studies have revealed several biological mechanisms that 

might contribute to the carcinogenic effects of Pb, including the inhibition of DNA 

synthesis and repair, oxidative damage, interaction with DNA-binding proteins and 

tumor suppressor proteins and alterations to gene transcription (86, 87). Pb has also 

been shown to damage chromosomes by causing micronuclei formation, chromosomal 

aberrations and sister chromatid exchanges. (85, 88). Finally, Pb enhances the 
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carcinogenicity of other genotoxic and mutagenic substances such as UV-radiation, 

oxygen radicals and various chemical mutagens in the context of co-exposure (89-93). 

Therefore Pb exposure can cause the deregulation of several cellular pathways that are 

critical for normal cell division, DNA synthesis and damage repair and gene 

transcription, setting the stage for tumorigenesis. 

An ability to detect and quantify the effects of past and present lead exposure on 

specific cellular pathways might facilitate the monitoring of individuals for increased 

cancer risk and also gain an understanding of how Pb exposure contributes to 

carcinogenesis. Current research emphasizes the need for research to evaluate the 

mechanisms of lead-induced carcinogenesis, particularly oxidative stress/apoptosis and 

the roles of cellular defense mechanisms, signaling pathways, and intracellular lead-

binding patterns. 

Despite nationwide efforts to eliminate Pb exposure in children, the Center for 

Disease Control and Prevention (CDC) estimates that over 300,000 U.S. children (ages 

1-5 years) have elevated blood lead levels (BLLs). Although Pb has been banned from 

gasoline, residential paint and solder used for food cans and water pipes, it continues to 

pose a risk to children, who are especially vulnerable to its effects, even at low levels. 

Exposure is most likely to occur through inhalation or ingestion of Pb dust or through 

exposure to soil or water contaminated with Pb from industrial and manufacturing 

sources. Pb poisoning in children can cause brain damage, behavioral problems, growth 

delays, hearing problems, headaches and in rare cases seizures, coma and even death 

(85, 94). The CDC has set a goal to eliminate BLLs ≥10µg/dL in young children by 2010. 

However, many studies indicate that even BLLs below 10µg/dL can cause negative health 
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effects (95-97) and the CDC has stated that there is “no safe blood lead level” in children 

(85).  

Accumulating evidence indicates that low-level Pb exposure can have a 

detrimental effect on health, especially that of children. In addition, many studies point 

to a role for Pb in facilitating carcinogenesis. Therefore, sensitive tools are needed to be 

able to detect past and present Pb exposures, even at low levels. In addition to assessing 

individual exposure history, it is imperative to be able to understand the biological 

mechanisms through which Pb contributes to negative health outcomes, including 

increased cancer risks. Therefore, two major challenges in the field of Pb toxicology are 

to 1) evaluate the health impact of low-level exposures that do not cause any observable 

health effects and 2) understand the mechanisms by which Pb affects normal cellular 

pathways and how this may contribute to future health risks. 

 

2.1 Introduction 

Previous studies have highlighted the opportunity to use gene expression 

patterns in peripheral blood cells (PBCs) as a basis for measuring exposure to 

environmental agents as well as a way to probe the underlying mechanisms of toxicity. 

These studies capitalize on the natural facility of PBCs as indicators of environmental 

exposure combined with the power of global gene expression analysis. For example, 

molecular signatures generated to diagnose radiation exposure (23-25) also have the 

potential to identify those genes that are affected by radiation exposure and may have 

implications in the treatment of radiation injury. Many other groups have described 

blood-based gene expression signatures of occupational and environmental exposures 

(8-11). We use a similar approach to develop signatures of Pb exposure based on 
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peripheral blood cell gene expression. However, our approach is unique in that we have 

made use of a collection of signatures that represent the activation of various cell-

signaling pathways to identify the pathways that are either activated or repressed in 

response to Pb exposure. We describe dose-specific signatures of Pb exposure in a mouse 

model and also identify pathways that are perturbed in a dose-specific manner. These 

findings suggest that the response to Pb exposure may be quite distinct depending on the 

level of exposure. In addition, our results confirm previous studies that suggest there is 

no safe level of Pb exposure. Even low levels of Pb exposure alter normal gene expression 

patterns in peripheral blood cells and result in the aberrant activation of cellular 

signaling pathways involved in cell cycle regulation and immunity, which could 

contribute to the carcinogenic properties of Pb.   

2.2 Materials and Methods 

2.2.1 Murine Pb Exposure Study 

Animal use and husbandry was conducted humanely and with regard to 

alleviation of suffering in accordance with institutional and federal guidelines. Nine-

week old female Balb/c mice (Jackson Laboratories, Bar Harbor, ME) were divided into 

three groups of fifteen mice each.  Each group received drinking water with different 

concentrations of Pb in the form of lead acetate trihydrate (Sigma Aldrich, St. Louis, 

MO) for a period of two weeks (Figure 2).  The control group received 0µg/mL; the low 

exposure group received 5µg/mL; and the high exposure group received 50µg/mL.  We 

chose these concentrations of Pb based on previous studies by Iavicoli et al. (98), who 

found that the relationship between the amount of Pb administered in the drinking water 

and the resulting BLL after two weeks of exposure could be represented by the following 

formula: 
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PbB=0.328 PbW+1.617 

 

In this formula PbB is blood-lead concentration and PbW is water-lead 

concentration. The levels of Pb exposure used in this study were chosen to reflect a PbB 

<10µg/dL and PbB >10µg/dL based on the CDC’s definition of an elevated blood lead 

level (EBLL) in children <72months old (≥10µg/dL). Based on the above formula, the 

final PbB in the mice is predicted to be either significantly below (3.3µg/dL) or above 

(18µg/uL) 10µg/dL. After two weeks of exposure, peripheral blood was collected by 

submandibular bleed from half of the control mice (n=7) and all of the exposed mice 

(n=15 per group).  All mice were then switched to Pb-free drinking water for two 

additional weeks.  A second blood sample was collected after this recovery period 

(controls, n=7; low Pb, n=15; high Pb, n=14).  All blood samples (73 total blood samples) 

were collected using GoldenRod animal lancets (MEDIpoint, Inc., Mineola, NY) and 

stabilized using RNAProtect Animal Blood Tubes and total RNA was extracted using the 

RNEasy Protect Animal Blood Kit (Qiagen, Valencia, CA).  Globin transcript was 

removed using GLOBINclear for mice (Ambion, Austin, TX).  



 

19 

 

Figure 2. Experimental design for Pb exposure study.  

Schematic of experimental design, in which mice were exposed to Pb via 
drinking water over the course of two weeks at which time a blood sample 
was collected. Then the lead source was removed and the mice had a two-
week recovery period before a second blood collection. 
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2.2.2 RNA Preparation and Microarray Analysis 

Total RNA quality was assessed using an Agilent 2100 Bioanalyzer (Agilent, Palo 

Alto, CA).  Each sample (150ng) was amplified using the MessageAmp Premier RNA 

Amplification Kit (Ambion, Austin, TX) and analyzed using the Mouse Genome 430 2.0 

Array (Affymetrix, Santa Clara, CA). 

2.2.3 Statistical analysis 

We compared gene expression profiles from whole blood samples isolated from 

mice exposed to lead acetate through drinking water or control mice. We generated a Pb 

exposure-associated gene expression signature composed of a subset of genes most 

correlated to Pb exposure by applying established methods of supervised classification 

and binary regression (99) to data normalized using the Robust Multi-array (RMA) 

method. The data presented here are based on signatures composed of 250 Affymetrix 

probes for the purposes of comparing gene lists of equivalent size.  Optimal signatures 

for each dose (meaning the signature used to achieve maximum accuracy in a leave-one-

out crossvalidation) may vary from those reported here. We calculated the average probe 

expression value for each group of mice at each timepoint (following exposure and 

recovery) and calculated the level of gene expression as the difference between Pb-

exposed mice and controls for each timepoint.  

2.2.4 Gene Set Enrichment Analysis 

Gene Set Enrichment Analysis (GSEA, version 2.0.5) was used as previously 

described (100, 101).  Briefly, we used the gene set annotation feature of GSEA1 to 

identify those gene sets that overlap with the Pb signatures.  These gene sets offer 

                                                        

1 http://www.broadinstitute.org/gsea/msigdb/annotate.jsp 
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insights into the functional annotation of our experimentally derived signatures and 

have the potential to reveal the underlying biology of each signature.  First, we copied the 

list of the Affymetrix probe identifiers comprising each signature generated by the binary 

regression algorithm (genecoefficients.txt) and pasted it into the browser’s query field.  

After selecting the appropriate identifier platform (Affymetrix M430 2.0), we chose to 

compute overlaps between each signature and the following: C2, or curated gene sets, 

which is a collection of 1,892 curated gene sets; TFT, or transcription factor targets, 

which includes 500 gene sets that contain genes that share a transcription factor binding 

site defined in the TRANSFAC2 (version 7.4) database; and C5, which are gene sets that 

are named by GO term and contain genes that are annotated by that term. We focused on 

the top 20 gene sets in our efforts to annotate the biological function of each signature. 

2.2.5 Signature Annotation 

In order to better understand the underlying biological response represented by 

each Pb exposure signature, we used publicly available tools to annotate each signature. 

Briefly, each signature can be represented by a list of Affymetrix (M430 2.0 Array) probe 

identifiers. This list was used as the input into GATHER3 to generate the following 

annotations: gene ontology (GO); KEGG (Kyoto Encyclopedia of Genes and Genomes) 

pathways; and enrichment for transcription factor binding sites (TRANSFAC v8.2 

Professional). We also used the Affymetrix NetAffx4 online batch query tool to translate 

each factor from its list of M430 2.0 Array probe identifiers to gene symbols and 

descriptions.  

                                                        

2 http://www.gene-regulation.com/ 
3 http://gather.genome.duke.edu/ 
4 http://www.affymetrix.com/analysis/index.affx 
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2.2.6 Pathway Analysis 

We analyzed the activity of several experimentally derived pathway signatures as 

they related to our Pb exposure dataset. Briefly, we used the ScoreSignatures module 

found on GenePattern5 to score a series of signatures on our gene expression dataset. 

First, the RMA-normalized data were translated from Affymetrix M430 2.0 probe 

identifiers to HU133 Plus 2.0 using the FileMerger6 tool and a bridging file from 

ChipComparer7. We averaged gene expression values for duplicated probes using an R 

script (by Jeff Chang, see Supplementary File 1). The dataset file was then saved in .gct 

file format and uploaded to the GenePattern server.  After running the ScoreSignatures 

module, we plotted the predicted pathway probabilities (probabilities.txt) for each 

pathway in GraphPad Prism version 4.0b (GraphPad Software, Inc., La Jolla, CA). We 

tested whether the predicted probabilities for each class were significantly different using 

a One-way ANOVA, with Bonferroni’s Multiple Comparison Test to compare the classes 

in a pairwise fashion.   

2.3 Results 

2.3.1 Generation of Dose-specific Signatures of Lead 

Exposure 

We generated blood-based gene expression signatures that reflect changes in the 

transcriptome of peripheral blood cells. As shown in Figure 3, we were able to generate 

robust signatures for each dose of Pb exposure. Each signature demonstrated a strong 

capacity to distinguish Pb-exposed mice from controls in a leave-one-out crossvalidation. 

The low Pb signature (Figure 3A-B) showed a sensitivity of 93% and specificity of 100% 

                                                        

5 https://cagt.igsp.duke.edu/gp/ 
6 http://filemerger.genome.duke.edu/ 
7 http://chipcomparer.genome.duke.edu/ 
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based on a receiver-operator characteristic curve (AUC = 0.9619, p-value = 0.0006340). 

The high Pb signature (Figure 3C-D) showed 100% sensitivity and specificity in 

classifying samples based on exposure (AUC = 1.000, p-value=0.0002173). It was also 

evident from this analysis that the signatures were dose-specific.  In other words, the 

high dose signature could not accurately distinguish low Pb exposure from control and 

vice versa (Figure 3B, D). Consistent with this specificity, the 250-probe signatures only 

have 28 probes in common. (Supplementary File 2 lists the probes in each signature 

along with the corresponding gene symbol and description.)  

One objective of developing gene expression signatures of Pb exposure was to 

explore the potential that this might provide a method sensitive enough to reveal a 

history of exposure. To evaluate the extent to which the signature persists following Pb 

exposure, we analyzed the expression of the signature genes following a two-week 

absence of Pb in the drinking water. As shown in Figure 4, the effect was transient, with 

the expression of the signature genes returning to the level of background after two 

weeks of Pb-free drinking water.   As such, it would appear that the distinct expression 

signature resulting from Pb exposure reflects the acute and ongoing exposure to Pb 

rather than a lasting effect on gene transcription patterns in the peripheral blood cells. 
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Figure 3. Dose-specific signatures of Pb exposure.  

We generated signatures of lead exposure based on gene expression analysis 
of whole blood from exposed mice and control mice. A) A 250-probe 
signature of low-dose lead exposure is shown as a heatmap, where each 
column represents an individual biological sample and each row represents 
an Affymetrix M430 2.0 probe identifier. Red = high expression; blue = low 
expression. B) The signature is able to accurately distinguish samples from 
control mice from those exposed to low levels of lead as shown in the leave-
one-out crossvalidation. However, this signature is specific to low level lead 
exposure, as there is no significant difference in predicted probabilities of 
samples from control mice and those exposed to high-dose lead. C) A 250-
probe signature of high-dose lead exposure is shown as a heatmap of gene 
expression. D) While the signature is able to accurately distinguish between 
samples from control mice and mice exposed to high levels of lead, it is 
unable to classify samples from mice exposed to low lead levels, 
demonstrating its dose specificity. Open purple circles = control mice; close 
purple circles = mice exposed to low-level lead; open red circles = control 
mice; close red circles = mice exposed to high-dose lead.  
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Figure 4. Transcriptional changes following Pb exposure and recovery.  

A) The x-axis represents the 250 probes in the low-dose Pb signature, 
ordered from lowest to highest average expression value relative to 
controls. The y-axis represents the normalized average signal intensity of 
the probe across the samples. The blue field represents the mean signal 
intensity of the signature probes in mice exposed to low-dose Pb, 
normalized by subtracting the mean values in the control mice. The magenta 
field represents the mean signal intensity of the same signature probes after 
the two-week recovery period and normalized against controls. B) A 
comparison of the gene expression signature in mice following two weeks of 
exposure to high-dose lead (blue) and then two weeks of recovery 
(magenta). 

  



 

26 

In order to better understand the similarities and differences between the two 

signatures, we broke each signature into two components – genes that were either 

upregulated or downregulated in response to Pb exposure – and compared these for each 

dose. The high dose Pb signature was composed of 91 upregulated probes and 159 

downregulated probes. The low dose Pb signature was composed of 170 upregulated 

probes and 80 downregulated probes. A comparison of the upregulated probes revealed 

that the signatures shared only 10 in common; a comparison of the downregulated 

probes revealed that the signatures only shared 7 in common (Figure 5). Table 1 shows 

the top gene ontology categories for the genes that are upregulated and downregulated in 

response to each level of Pb exposure. An analysis of the gene ontology categories that 

were significantly enriched in the upregulated sets of genes revealed that although the 

genes induced by the low and high doses of Pb did not overlap extensively, they reflected 

some of the same, or similar, biological processes, namely the cellular response to 

unfolded proteins. However, the high-dose Pb signature also includes several 

upregulated genes related to the processes of angiogenesis and blood vessel formation. A 

similar analysis of the gene ontology categories enriched in the downregulated genes 

revealed that the high dose signature genes were related to the cellular response to heat, 

and G-protein coupled receptor signaling. The downregulated genes within the low dose 

signature represented anti-apoptotic genes and genes involved in antigen presentation. A 

particularly interesting finding came from a comparison of those genes downregulated in 

response to high levels of Pb, but upregulated in response to low doses. This particular 

subset of genes was enriched for binding sites for various hormone receptors, such as 

androgen receptor, progesterone receptor and glucocorticoid receptor (Supplementary 

Table 2). 
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Figure 5. Overlap between upregulated and downregulated genes.  

Each signature was broken down into genes either upregulated or 
downregulated in response to Pb exposure compared to controls. A) A Venn 
diagram comparing the upregulated gene lists from each signature (high-
dose Pb, n=91; low-dose Pb, n=170). B) Venn diagram comparing genes 
downregulated in response to each dose of lead (high-dose lead, n=159; low-
dose lead, n=80). 
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Table 1. Top gene ontology categories associated with upregulated and 
downregulated genes in each Pb signature. 

Annotation Count 
Bayes 

Factor 

neg ln(p 

value) 

FE: neg 

ln(FDR) 
Genes 

Up in High Pb 

GO:0006986 [5]: 

response to unfolded 

protein 

4 6.56 10.41 4.87 

Dnajb1 Ern1 Hsf1 Hspa1a

GO:0001568 [4]: blood 

vessel development 
4 3.84 7.28 2.8 

Adra2b Edg1 Gna13 Ppap2b

GO:0006457 [7]: 

protein folding 
5 3.15 6.65 2.47 

Dnaja1 Dnajb1 Fkbp4 Hsf1 

Hspa1a 

GO:0001525 [6]: 

angiogenesis 
3 2 5.33 1.98 

Adra2b Edg1 Gna13 

GO:0048514 [5]: blood 

vessel morphogenesis 
3 1.67 4.96 1.98 

Adra2b Edg1 Gna13 

Up in Low Pb 

GO:0006986 [5]: 

response to unfolded 

protein 

5 6.15 9.72 4.85 

Atf6 Ern1 Hsp105 Hspcb 

Hspd1 

GO:0050877 [4]: 

neurophysiological 

process 

1 5.44 9.16 0 

Rcvrn 

GO:0009408 [5]: 

response to heat 
4 5.12 8.8 4.53 

Dnaja1 Hsp105 Hspcb Hspd1

GO:0007186 [6]: G-

protein coupled 

receptor protein 

signaling pathway 

3 4.72 8.33 0 

Cx3cr1 Emr4 P2ry6 

GO:0009266 [6]: 

response to 

temperature 

4 4.46 7.85 4.27 

Dnaja1 Hsp105 Hspcb Hspd1

Down in High Pb 

GO:0009408 [5]: 

response to heat 
4 5.64 9.31 4.29 

Dnaja1 Hsp105 Hspa1a Hspca

GO:0007186 [6]: G-

protein coupled 

receptor protein 

signaling pathway 

2 5.16 8.91 0 

P2y5 Rgs19 

GO:0009266 [6]: 

response to 

temperature 

4 4.98 8.8 4.29 

Dnaja1 Hsp105 Hspa1a Hspca

Table continued on next page. 
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(Table 1 continued from previous page.) 

GO:0044237 [4]: 

cellular metabolism 

53 3.73 7.23 3.17 

2610101N10Rik Calr Cbx1 

Cebpa Cept1 Chd3 Csf1r 

Cyp4f16 Dmrt2 Dnaja1 Dsip1 

Eif4a1 Fos Grcc2f Hecw1 

Hif3a Hprt1 Hsp105 Hspa1a 

Hspca Jmy Lbh Magoh Mat2a 

Mcm2 Ndufa7 Ndufab1 

Nr2f2 Nrip1 Parp1 Per1 Phf8 

Plk4 Plod2 Ppm1g Prdx1 

Psmb7 Ptpn2 Pxmp3 Rpn1 

Sdhb Sfrs2 Sfrs6 Slc5a8 Spcs1 

Spcs2 Ssbp1 Suclg1 Thtpa 

Tra1 Ubc Uble1b Uhmk1

GO:0006465 [6]: signal 

peptide processing 
2 3.66 7.21 3.41 

Spcs1 Spcs2 

Down in Low Pb 

GO:0006916 [8]: anti-

apoptosis 
3 2.68 6.1 1.97 

Birc1e Birc3 Cebpb 

GO:0019882 [5]: 

antigen presentation 
3 2.41 5.77 1.97 

Fcgrt H2-Oa Hfe 

GO:0009605 [4]: 

response to external 

stimulus 

2 2.09 5.38 0 

Cxcr4 Hspa8 

GO:0043066 [7]: 

negative regulation of 

apoptosis 

3 1.91 5.19 1.97 

Birc1e Birc3 Cebpb 

GO:0043069 [6]: 

negative regulation of 

programmed cell death 

3 1.86 5.16 1.97 

Birc1e Birc3 Cebpb 
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Table 2. TRANSFAC annotations for those genes that are upregulated in 
response to low-level Pb exposure, but downregulated in response to high-
level Pb exposure. 

Annotation Count 
Bayes 

Factor 

neg ln(p 

value) 

FE: neg 

ln(FDR) 
Genes 

V$AR_03: is recognized 

by androgen receptor 
3 6.24 10.32 2.89 

Dsip1 Tbc1d16 Zgpat 

V$GR_01: high affinity 

binding site for 

glucocorticoid receptor 

4 4.94 8.91 2.25 

Dok2 Dsip1 Tbc1d16 

Zgpat 

V$PR_02: is recognized 

by progesterone 

receptor 

3 3.41 7.27 1.12 

Dsip1 Tbc1d16 Zgpat 

V$PR_01: high affinity 

binding sites for 

progesterone receptor 

2 3.06 6.84 1.07 

Dsip1 Zgpat 

V$BARBIE_01: 

barbiturate-inducible 

element 

7 2.75 6.56 1.03 

Dok2 Dsip1 Hsp105 

Spcs1 Tbc1d16 Tra1 

Zgpat 

V$MYCMAX_B: c-

Myc:Max binding sites 
6 2.22 5.93 0.59 

Dsip1 Hsp105 Spcs1 

Tbc1d16 Tra1 Zgpat 

V$E2F1_Q4: E2F-1 
5 1.81 5.5 0.55 

Dsip1 Hsp105 Spcs1 

Tbc1d16 Tra1 

V$E2F1DP1_01: E2F-

1:DP-1 heterodimer 
5 1.81 5.5 0.55 

Dsip1 Hsp105 Tbc1d16 

Tra1 Zgpat 

V$AR_02: high affinity 

binding sites for 

androgen receptor 

1 1.67 5.36 0.55 

Zgpat 

V$GRE_C: Glucocorticoid 

response element 
2 1.65 5.3 0.55 

Tbc1d16 Zgpat 

V$CETS168_Q6 

7 1.27 4.91 0.33 

Dok2 Dsip1 Hsp105 

Spcs1 Tbc1d16 Tra1 

Zgpat 

V$OSF2_Q6 2 1.18 4.79 0.01 Dok2 Dsip1 

V$ER_Q6: estrogen 

receptor 
1 1.08 4.68 0.01 

Hsp105 

V$CETS1P54_01: c-Ets-

1(p54) 7 0.93 4.51 0.14 

Dok2 Dsip1 Hsp105 

Spcs1 Tbc1d16 Tra1 

Zgpat 

V$AR_Q2: androgen 

receptor 
2 0.89 4.46 0.14 

Dsip1 Zgpat 

V$NFKAPPAB_01: NF-

kappaB 
3 0.83 4.4 0.14 

Dok2 Hsp105 Tbc1d16 

V$CDX2_Q5 2 0.83 4.4 0.01 Dsip1 Hsp105 
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2.3.2 Differential expression of IFN-gamma and E2F1 

pathways 

In light of the differences we observed between the low-dose and high-dose Pb 

signatures, we hypothesized that Pb exposure could result in the activation or repression 

of varying pathways based on the level of exposure. To test this theory, we took 

advantage of a collection of gene expression signatures representing the activity of 

particular cellular pathways (59, 60). We applied this set of signatures to the gene 

expression data from Pb-exposed mice and identified those pathways that were 

differentially activated between Pb-exposed mice and controls based predicted 

probability. As shown in Figure 6, the E2F1 pathway was found to be upregulated in the 

blood of mice exposed to high doses of Pb relative to the low dose (p-value = 0.0249). 

We also observed a trend in which the interferon-gamma (INFγ) pathway was 

upregulated in the blood of mice exposed to low doses of Pb as compared to the high 

dose (p-value = 0.0840).  



 

32 

 

Figure 6. Differential pathway activation.  

A) A heatmap displaying the predictions of pathway activity shows the 
predicted probability of activation of a particular pathway (E2F1, IFN-
gamma) across samples from mice exposed to different levels of lead. Red = 
high probability; blue = low probability.  B) Scatter plot of predicted E2F1 
pathway activity for samples from mice exposed to low-dose lead (purple 
circles), high-dose lead (red circles) or no lead (control, open circles). The x-
axis represents the different exposure groups and the y-axis represents the 
probability that the E2F1 pathway is activated in an individual sample. C) 
Predicted probabilities for IFN-gamma pathway activity in mouse blood 
samples. 
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2.4 Discussion 

The concept of using the blood to assess Pb exposure is well established in the 

medical and public health fields. Measuring BLLs directly is the most common method 

of determining blood Pb concentration. BLL is a measure of circulating Pb, but it does 

not measure total Pb stored in the body. Nor does it measure the effects of current or 

cumulative Pb exposure. An alternative method to screen for Pb exposure is to measure 

the level of erythrocyte protoporphyrin (EPP) or zinc protoporphyrin (ZPP), which is an 

early and reliable indicator of impaired heme biosynthesis, a process known to be 

impaired by Pb. This method is not sensitive enough to be used to screen children, but 

can be used in monitoring occupationally exposed adults and can reflect average Pb 

exposure over a period of a few weeks. Our approach, as outlined in Figure 2, was to 

measure global gene expression in the blood of mice exposed to lead acetate via their 

drinking water and to generate a signature based on the genes most highly correlated 

with the exposure. Our hypotheses were that 1) PBC gene expression signatures would be 

good indicators of low-level Pb exposure which is not associated with observable effects, 

but contributes to negative health outcomes, and 2) PBC gene expression signatures may 

reflect past exposures, representing an opportunity to characterize an individual’s 

exposure history and its relationship to current health issues and future health risks. 

 We report robust and dose-specific blood-based signatures of Pb exposure. The 

low-level Pb signature is particularly promising because it represents an estimated BLL 

of 3.3µg/dL, which is well below the 10µg/dL level for children set by the CDC. It is also 

below the lower limits of detection for the EPP and ZPP tests. The ability to detect such 

low-level Pb exposure could allow researchers to better monitor low-level exposures and 

associated side effects (both short-term and long-term).  
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Unfortunately, the signatures reported here do not seem to be indicators of past 

exposure. However, the gene expression data generated provide a wealth of molecular 

information that is useful in understanding the biological processes and signaling 

pathways underlying the toxic effects of Pb at different doses. Many toxicogenomic 

studies have analyzed transcriptome or gene expression data using various annotation or 

pathway building tools. We have used similar approaches to confirm some important 

genes and pathways that have previously been implicated in Pb exposure, such as the 

unfolded protein response, cell death processes, angiogenesis and endocrine disruption. 

We observed the upregulation of genes related to the unfolded protein response in both 

the low and high Pb signatures. The unfolded protein response is involves the 

transcription of chaperones used to aid in proper protein folding and is known to be 

triggered by some toxins, including Pb. Pb is thought to trigger the unfolded protein 

response through a mechanism that involves inhibiting protein folding by substituting 

for zinc or calcium ions (102). Apoptotic cell death is known to play a role in lead-

induced neurotoxicity (103-105), and it is feasible that it occurs in the peripheral blood 

even at low levels of exposure. Additional anti-apoptosis genes are actually 

downregulated in the low Pb signature strengthening the argument that this low level of 

exposure induces cell death in the PBCs.  The high Pb signature also included some 

upregulated genes related to angiogenesis and blood vessel formation. This is consistent 

with work mentioned previously, in which the mechanism of Pb-induced VEGF 

expression was elucidated in astrocytes (35, 36). Interestingly, a subset of genes that 

were upregulated in response to low doses of Pb and downregulated in response to high 

doses of Pb was significantly enriched for binding sites for various hormone receptors, 

such as androgen, progesterone and glucocorticoid receptors. Although Pb is a known 
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endocrine disruptor, leading to reproductive impairment in vertebrates, the mechanisms 

for this are not entirely clear and the effects of low-level exposure are not well 

understood (106-109).    

In addition to traditional gene annotation approaches, we also use a novel 

approach to assess pathway activity by applying a panel of gene expression signatures 

generated by specific perturbations in controlled in vitro experiments to our dataset. 

Although use of this panel of signatures is not new, its application to evaluating toxicant 

exposure is. This approach allows us to assess the relative activity of a given pathway 

across samples. This approach has been successful in identifying the deregulation of 

oncogenic pathways in either cancer cell lines or patient tumor samples and predicting 

which targeted therapies might be most effective (59, 60). In the context of 

environmental exposure to toxic metals, this approach could be used as a tool for 

discovery to identify new pathways that are affected by a particular toxin or as a means 

of studying how pathway activity varies depending on factors, such as level of exposure, 

age, sex and co-exposure with other toxins.  

At low levels of exposure, the IFNγ pathway is upregulated. This supports 

previous findings that Pb inhibits IFNγ production in a dose dependent fashion (110) 

enhancing development of Th2 (Type 2 T helper cell) responses versus Th1 (Type 1 T 

helper cell) responses (37, 108). Mechanistic studies suggest that Pb selectively inhibits 

translation of IFNγ (111). IFNγ plays a major role immune system function by regulating 

macrophage activation, differentiation of progenitor helper T cells and enhancement of 

the major histocompatibility complex molecule expression. INFγ is known to have some 

immunomodulatory effects and may be responsible for the disruption to the various 

endocrine pathways observed in response to low-dose Pb exposure. It is responsible for 
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regulating cell-mediated immune responses to infectious pathogens. It is also reported to 

have antitumor activity. Even transient disruption of this pathway in response to low 

levels of Pb exposure may have significant consequences in terms of susceptibility to 

disease, including infection, allergy and even cancer.  

High Pb levels were found to enhance E2F1 pathway activity. This is also 

supported by previous findings that suggest that Pb exposure affects cell cycle and can 

actually increase DNA synthesis. This has been observed in a variety of contexts. Pb 

stimulated DNA synthesis in vascular smooth muscle cells (112) and rat kidney cells 

(113). Razani-Boroujerdi et al. (114) demonstrated that Pb enhanced proliferation of rat 

splenic lymphocytes in vitro. Furthermore, Lu et al. (115) has shown that Pb stimulates 

DNA synthesis in human astrocytoma cells. Increases in cell proliferation have also been 

observed in vivo in both rat kidney (116) and rat liver (89, 117). This cumulative evidence 

for the role of Pb in enhancing cell proliferation and DNA synthesis may have relevance 

to the potential role of Pb in carcinogenesis.  

Our work has demonstrated the ability to detect the effects of Pb exposure on 

PBC gene expression, even at low levels of exposure. Furthermore, our results suggest 

that distinct biological processes are involved in the response to Pb depending on the 

level of exposure. For instance, we show that the IFNγ and E2F1 pathways are aberrantly 

regulated in response to low-level and high-level Pb exposure respectively. Unlike the 

current methods used to assess Pb exposure, our approach of assessing the activity of 

defined pathways in the peripheral blood, not only provides a dose-specific manner 

indicator of exposure, but it also provides information about the effects of the exposure 

on cellular pathways and processes. These results underscore the importance of 

understanding the effects of Pb exposure on critical cellular pathways. By identifying the 
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pathways that are impacted by Pb, we can better understand the mechanisms underlying 

the negative health consequences of Pb exposure and gain insight into the role of 

environmental and occupational exposures in contributing to overall health.  

An alternative explanation for the signatures we have observed is possible 

contamination of the Pb source with endotoxin, which activates some of the same 

pathways as Pb. Through our analysis, we clearly identify many pathways previously 

reported in the literature as related to Pb exposure. However, to address this issue we 

have utilized a mouse model of endotoxin (lipopolysaccharide, or LPS) exposure. We 

exposed mice to various doses of endotoxin by intraperitoneal injection and collected 

blood samples prior to exposure, and at 6, 12 and 24 after exposure. We plan to apply 

our Pb signatures to gene expression data from the endotoxin-exposed mice as a 

validation of the specificity of the Pb signatures. In addition, future studies will include 

preliminary testing of the Pb source for endotoxin to rule out this possibility. A second 

alternative explanation for the signatures we report here is that the observed changes in 

gene expression are due to a Pb-induced difference in the proportions of PBC subsets. 

We have proposed a follow-up study to address this issue, by analyzing complete blood 

cell counts prior to exposure, immediately following the 2-week exposure and following 

the 2-week recovery period. Although Pb is known to cause anemia, it is not clear 

whether it affects white blood cell counts. 

In addition to addressing the issues described above, additional studies are 

needed to truly determine whether the signatures described here are indicators of the 

effects of Pb or only an indicator of exposure. While an indicator of exposure 

(particularly very low-level exposure) is useful, there is a significant opportunity to take 

advantage of the gene expression data as a means to understand mechanisms of Pb 
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toxicity and how they relate to human health problems, including cancer. Establishing 

that these signatures are related to the effects of Pb would require demonstrating that 

the dose-specific signatures are correlated with actual blood lead levels in the mice. This 

would relate our signatures to established biological markers of Pb exposure. The next 

step would be to functionally confirm the differential regulation of some of the genes and 

pathways identified in our study. For instance, we are interested in using biochemical 

and genetic assays to confirm the activation of IFN-gamma and E2F1 in the peripheral 

blood. Finally, we would confirm the downstream effects of activation of these pathways, 

by assessing the effects on T helper cell populations in the case of IFN-gamma and 

assessing affects on proliferation in the case of E2F1. Both of these pathways are critical 

to normal cell function and have been implicated in cancer. Understanding the systemic 

effects of Pb on these pathways would contribute to the evolving understanding of Pb as 

a carcinogen. 
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4. Development of a Peripheral Blood Predictor 

of Breast Tumors 

4.1 Background: Peripheral Blood Gene Expression 

Profiling in the Context of Breast Cancer 

4.1.1 Diagnosis 

Despite advances in diagnosis and treatment of breast cancer, early detection 

remains the key to successful treatment.  Mammography, one of the most common 

breast cancer screening tools, aims to detect tumors when they are smallest and most 

treatable.  In fact, the increased detection of small tumors by mammography led to a 

rapid increase in breast cancer incidence rates between 1980 and 1987 (118, 119).  

However, this screening tool has several limitations.  There is evidence to suggest that 

mammograms fail to detect anywhere from 6-46% of invasive cancers, particularly in 

young women, women with dense breasts or in mucinous, lobular or fast growing 

cancers (120, 121).  Moreover, an estimated 33% of the positive diagnoses by 

mammogram are the result of overdiagnosis and lead to overtreatment (122).  Finally, it 

is not clear whether mammograms provide an actual decrease in mortality rates (123, 

124). Perhaps the most important statistic is that despite the widespread use of 

mammography, over 200,000 cases of invasive breast cancer will be diagnosed in the 

United States this year (125).  These statistics underscore the need for improved methods 

of early breast cancer detection.    

There is a great deal of research focused on improved methods of early detection.  

These methods include advanced high-resolution imaging techniques, assessment of 

tumor cells shed into the blood, testing for predisposing variants of genes and detection 

of protein biomarkers in the blood.  Unfortunately most of these approaches are used to 
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further evaluate a lesion that has been identified by imaging or biopsy, rather than as a 

stand-alone diagnostic or screening tool.  Also none of these approaches has been shown 

to be more effective at early detection than mammography.  One such technology is 

ultrasonography, which was found by the European Group for Breast Cancer Screening 

to be associated with “unacceptably high rates of both false positive and false negative 

outcomes” in population screening of asymptomatic women (126).  There are similar 

caveats to using magnetic resonance imaging (MRI) as a screening modality.  MRI is 

currently used to evaluate existing masses or differentiate between cancer and scar 

tissue.  However, it has a high degree of false positives and studies estimate specificity 

from 37% to 97% (127, 128).  Assessment of circulating tumor cells has demonstrated 

some utility in assessing prognosis of patients diagnosed with primary (129) and 

metastatic breast cancer (130-132). This type of test is currently commercially available1 

and is being administered in the clinic. However, it is typically used only in the 

metastatic setting as a prognostic marker and is used in conjunction with other methods 

of monitoring, such as imaging, physical exams and serum tumor marker tests. Genetic 

testing can identify patients with an increased risk of developing breast cancer.  These 

patients can then receive heightened screening, which increases the chances their cancer 

will be detected early.  For example, BRCA-1 and BRCA-2 mutations serve as markers of 

increased risk, but are informative primarily in determining prognosis (133).  Recent 

studies have also characterized potential protein biomarkers of breast cancer, such as 

cancer antigen 15-3 (CA15-3), in the blood.  Although an increase in CA15-3 can be 

indicative of recurrence after primary treatment, the levels of CA15-3 have not been 

shown to have the sensitivity and specificity required for its use in screening (133-137).  

                                                        

1 CellSearch® by Veridex; LLC http://www.veridex.com/CellSearch/CellSearchHCP.aspx 
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Many of the early detection methods described above lack the necessary 

sensitivity or specificity required in a screening modality.  Furthermore, there is an 

inherent difficulty in studying breast cancer in humans.  By the time a patient exhibits 

symptoms of disease complex genetic and genomic changes have already taken place.  

We plan to overcome these limitations by using a transgenic mouse mammary tumor 

model combined with analysis of blood samples from human breast cancer patients.  We 

believe that this approach has the potential to reveal PBC gene expression patterns that 

are predictive of the presence of a breast tumor. Such a predictor could potentially be 

used in the diagnosis of or screening for breast tumors. The use of the mouse model will 

also allow us to characterize the sensitivity and specificity of potential biomarkers in a 

controlled system.      

4.1.2 Prognosis 

Traditionally, physicians have relied on gross tumor pathology, histology and cell 

surface markers to determine breast cancer stage, prognosis and treatment.  However, 

gene expression profiling of tumor tissue has shown the potential to revolutionize this 

process by providing a detailed molecular phenotype of the tumor.  This approach 

provides a more precise classification of tumor types and subtypes as well as information 

about the molecular mechanisms underlying breast cancer etiology and progression.  

Our lab has successfully used this approach to create predictive models of tumor 

phenotype based on gene expression data and Bayesian regression models.  We have 

shown that this methodology can be used predict clinical outcomes, such as metastasis 

and recurrence (53-55, 138), activation status of specific oncogenic pathways and 

response to treatment (57, 59, 60, 139).  The ability of this methodology to predict breast 

cancer recurrence is illustrated by a case study of primary breast cancer recurrence, 
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which demonstrates that the combination of gene expression information with 

traditional clinical risk factors yields predictions that are more accurate than those made 

by using a single genomic predictor or clinical data alone (53). Another study 

demonstrated that a gene expression signature reflecting anchorage-independence, a 

hallmark of cancer, was able to predict metastatic potential in human tumors (138). 

Additionally, we have successfully demonstrated that gene expression patterns, 

or signatures, predict activation of specific oncogenic pathways in tumors and 

subsequently predict response to targeted therapeutics (54, 57, 59, 60, 139). In work by 

Bild et al. (60), several large collections of human cancers were classified based on the 

activity of experimentally derived oncogenic pathway signatures. Tumors were clustered 

based on pathway signatures to further define prognosis of specific patient subsets, 

demonstrating that signatures of oncogenic pathway deregulation reflect the biology and 

outcome of specific cancers. Predictions of pathway activation in cancer cell lines were 

used to successfully predict sensitivity to therapeutic agents targeted to that pathway. 

This suggests that oncogenic pathway signatures not only provide information about the 

pathway status of tumors, but they also show potential application in guiding the 

selection of therapeutic strategies in the clinic. Gatza et al. (59) 

Gene expression profiling of tumor tissue has allowed researchers to better 

characterize existing tumors and improve therapeutic strategies.  This work has helped 

us better understand which tumors are likely to progress or respond to targeted therapy.  

Surrogate tissues, such as PBCs, would be ideal prognostic biomarkers of solid tumors 

due to their accessibility. In fact, peripheral blood gene expression is an established 

prognostic biomarker in leukemias and lymphomas (40).  In addition, Burczynski et al. 

(74) reported that pretreatment PBC gene expression in renal cell carcinoma patients 
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was predictive of patient outcome. These studies suggest that PBCs may not only serve a 

diagnostic role, but also a prognostic one. Although this is not something we have 

addressed in the work presented here, we recognize the importance for incorporating 

transcriptome analysis of peripheral blood in prospective breast cancer clinical trials. 

This could reveal potential blood-based biomarkers of prognosis or even response to 

treatment.  

4.1.3 Patient Surveillance and Monitoring Response to 

Therapy  

In addition to regular physical exams and mammography, breast cancer patients 

may receive bone scans, liver sonography, chest x-rays, and blood tests of liver function 

in an effort to detect recurrence or metastasis.  However, evidence from several 

randomized trials shows that this level of follow-up does not improve survival or quality 

of life when compared to routine physical examinations (140-142). Even when these tests 

permit earlier detection of recurrent disease, patient survival is unaffected (142).  These 

data suggest that a physical examination and annual mammography may constitute 

sufficient follow-up for asymptomatic patients.  However, this remains controversial.  

Recent research on improved methods of post-treatment monitoring focuses on high-

resolution imaging, protein biomarkers in the serum, and the detection circulating 

tumor cells, or their transcripts.  These approaches to post-treatment monitoring have 

many of the same limitations as new technologies for early detection.  For example, new 

methods of high-resolution imaging have demonstrated earlier detection of metastases, 

but have not been shown to yield any actual survival benefit (142, 143).  Protein 

biomarkers detected in patient serum, such as CA15-3, lack the sensitivity and specificity 

to be used in patient monitoring.  Guidelines published by the American Society of 

Clinical Oncology state that although rising levels of CA15-3 may detect recurrence, this 
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screening method has not demonstrated clinical benefit in terms of improved patient 

outcome (144).  In addition, CA15-3 is not specific for breast cancer.  This serum marker 

is found in increased concentrations in some healthy individuals, patients with certain 

benign diseases (e.g. liver disease) and in patients with other types of adenocarcinomas 

(134, 136, 145, 146).  The detection of particular transcripts from circulating cancer cells 

has shown potential prognostic and monitoring value.  For instance, the detection of 

cytokeratins in peripheral blood of breast cancer patients can aid in prognosis (147).  

Serial monitoring of cytokeratin levels of an individual patient may also help monitor 

response to treatment (148).  However, these and other transcriptional markers have not 

demonstrated the specificity and sensitivity needed for widespread clinical 

implementation. In one example of the application of blood gene expression profiling to 

predicted response to treatment, DePrimo et al. found that expression levels of only four 

transcripts in PBMCs of patients with advanced colorectal cancer could predict which 

treatment arm a patient was in but not response to therapy (77). 

These methods of post-treatment monitoring have a common issue.  Although 

they may detect metastases or recurrence earlier, they do not translate into a survival 

benefit.  A possible explanation is that these tests may rely on a relatively high tumor 

burden required for detection.  Once particular proteins or cancer cell transcripts reach 

detectable levels in the blood, the cancer may have progressed past the point at which 

intervention would yield a survival benefit.  These potential monitoring methods also 

lack the sensitivity and specificity needed for widespread clinical application.  We believe 

our approach begins to address these issues by 1) not directly relying the tumor or its by-

product for detection and 2) using an animal model to characterize the signature’s 

specificity and sensitivity.  
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4.1.4 Rationale for a Peripheral Blood Predictor of Human 

Breast Tumors 

The concept of using peripheral blood cells (PBCs) as the source of information to 

predict the presence of cancer relies on the natural role of these cells in responding to 

physiologic and pathologic changes coupled with the potential of genome-scale 

transcriptome data to identify patterns of expression that reflect a given phenotype. 

Using this approach, researchers have described gene expression signatures that 

distinguish cancer patients from healthy individuals in a number of different types of 

cancer (70-73, 75, 76, 149). Twine et al. (70) generated a peripheral blood gene 

expression signature that could distinguish renal cell carcinoma patients from healthy 

volunteers. Likewise, Osman et al. (149) reported a whole-blood gene expression 

signature that could distinguish bladder cancer patients from controls. Similar studies 

have also been conducted in the contexts of colorectal cancer (75), melanoma (71), non-

small cell lung cancer (76) and even breast cancer (72, 73). A few of these studies have 

also suggested that blood gene expression profiling could be used to not only distinguish 

cancer patients from normal, healthy volunteers, but also differentiate among tumor 

types (70, 149). Taken together, these studies highlight the potential of peripheral blood 

signatures as cancer biomarkers. 

Our previous work has made use of expression data to develop predictors of 

tumor outcome, activation of various cell signaling pathways, and response to targeted 

therapies. In each instance, the ability to accurately define the extremes of particular 

phenotypes (short versus long survival, pathway off versus pathway on) has been useful 

in the development of informative expression signatures. These extreme cases represent 

an opportunity to generate gene expression data, which can be used to train a prediction 
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model. This prediction model can then be applied to a wide spectrum of phenotypes (54, 

60, 150). Using a similar strategy in the context of signatures from peripheral blood cells, 

we hypothesized that a mouse model of breast cancer might offer the best opportunity to 

maximize the distinction between animals with and without tumor. As such, we have 

made use of a transgenic mouse model of breast cancer, which gives rise to spontaneous 

mammary tumors with approximately 100% penetrance in multiparous mice. Our 

approach was to develop latent factor models in the mouse PBC transcriptome that 

distinguish controls from mice with advanced mammary tumors, identify orthologous 

transcripts on human microarrays and use this information as the starting point for a 

predictive model of human breast tumors (Figure 7). 
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Figure 7. Experimental design.  

(See opposite page.) To generate a human breast tumor predictor we took 
the following steps: (1) compared gene expression in PBC samples collected 
from tumor-bearing transgenic mice versus tumor-free controls that are 
matched for age and parity; (2) used a sparse ANOVA to identify 4,276 
mouse Affymetrix probes with at least 0.99 posterior probability (these 
probes were used to independently generate a set of 49 factors that were 
used to develop a predictive model based on the mouse gene expression 
data); (3) translated these into 2,595 orthologous human probes; (4) applied 
BFRM to this subset of 2,595 probes to yield 26factors from a training set of 
30 human PBMC samples; (5) used SSS to build 5000 possible predictive 
models from the training set, then projected these into a separate validation 
set of samples. 
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This strategy overcomes many of the limitations of earlier studies by using the 

model system to reduce noise and identify transcripts associated with the presence of a 

mammary tumor over other potentially confounding factors. Our results serve as a 

proof-of-concept in using an animal model to develop a blood-based diagnostic and 

establish an experimental framework for identifying possible breast cancer signatures 

(factor models). 

There is no doubt that the computational approaches applied in this study are 

challenging. We therefore made use of a recently initiated pilot revision control system 

entitled QUADRA (Quality-Auditable Data Repository and Analysis) for storing an easily 

accessible version history of the work described. QUADRA was developed and 

implemented by Dr. Erich Huang. The guiding principle behind QUADRA is that the 

robust methods for maintaining, sharing and collaborating on computer programming 

projects espoused in the open source software movement are equally applicable to 

computational genomics. We believe using such a system is essential for practicing 

transparent and reproducible genomic science.  

Breast cancer is the most common cancer for women across the world. According 

to (151), breast cancer is responsible for an estimated 1,300,000 new cases and 465,000 

deaths each year. The most common method of breast cancer screening is 

mammography, which aims to identify breast tumors before they become symptomatic. 

Breast tumors identified during mammographic screening tend to be smaller and are less 

likely to have spread to distant sites within the body. This has important implications for 

a patient’s prognosis. Relative survival rates for women in the United States diagnosed 

with localized cancer are over 98%, but for women whose cancer has metastasized, it is 

as low as 23% (118), emphasizing the importance of detecting tumors at an early stage so 
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that treatment can be initiated. Despite the success of mammography in reducing breast 

cancer mortality, there are several scenarios that illustrate the need for new and 

innovative methods of breast cancer detection. The growth rate of breast tumors varies 

significantly from patient to patient (152), meaning that even a biannual mammography 

screening program will miss some fast-growing cancers (143, 153). Additionally, 

mammographic sensitivity is lower in young women and women with dense breasts (120, 

121, 154). Sensitivity is also lower in women who are at higher risk of developing breast 

cancer because of a genetic predisposition or family history (133, 155).  
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4.2 Generation and Characterization of a Mouse 

Mammary Tumor Predictor Based on Peripheral Blood 

Gene Expression 

4.2.1 Introduction 

While no single mouse model can fully represent the complexity of human breast 

cancer, genetically engineered mice (GEM) allow researchers to study specific signaling 

pathways, physiological events and the contribution of hormones and therapeutics.  The 

use of transgenic and knockout mouse models has accelerated the pace of breast cancer 

research and has made it possible to identify and understand genetic pathways relevant 

to human cancer.  With recent advances in microarray technology, these mouse models 

provide a way to explore the more complex transcriptional changes that take place 

during tumor formation and progression.  In this study, we use transgenic mice that 

overexpress the c-MYC proto-oncogene. This mouse model shares some important 

features with human breast cancers.  For instance, c-MYC is amplified in 15-20% of 

human breast cancers and overexpressed in 70% of breast cancers.  Much like human 

cancer, c-MYC overexpression alone is not enough to transform murine mammary 

epithelial cells and not all cells overexpress the oncogene (156).  Other genetic lesions are 

required for transformation, such as the Kras2 mutations, which are found in 44% of 

MMTV/c-MYC tumors (157).  These tumors also share histological features with human 

breast cancers (58, 158) and were found by Desai et al. to have changes in gene 

expression pattern similar to human breast cancer.  Desai, et al. also found this model to 

have changes in tumor gene expression patterns similar to other transgenic tumor mouse 

models, with a small subset of genes showing oncogene specific expression (159).  Taken 

together, these characterizations of the MMTV/c-MYC mouse model indicate that it is a 

good model of human breast cancer based on an analysis of genetic events that 
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contribute to tumor initiation and maintenance, histological analysis of tumor type and 

gene expression analysis of the tumor tissue.  

4.2.2 Materials and Methods 

4.2.2.1 Mouse housing and maintenance.  

Animal use and husbandry was in accordance with institutional and federal 

guidelines. These strains were derived by Dr. Eran Andrechek (58) based on the original 

model described by Leder, et al. (50). Female MMTV/c-MYC transgenic mice expressed 

the c-MYC proto-oncogene or a more stable point mutation variant (T58A) of the gene 

under the control of the hormone-responsive MMTV long terminal repeat (LTR) in an 

FVB/NJ background (Jackson Laboratories, Bar Harbor, ME). The hormones released 

during pregnancy and lactation have been shown to enhance expression of the oncogene. 

Thus, the mice were maintained in a continuous breeding program. Mice were 

monitored twice weekly for tumor development by palpation and tumors were measured 

twice weekly. Once the tumors reached 2cm3 (approximately 12 months) the animals 

were sacrificed and tissue was obtained to confirm the tumors by histological analysis. As 

a control, female mice of the same age and background strain were maintained in the 

same facility and under the same breeding conditions as their transgenic counterparts.  

4.2.2.2 Mouse blood collection, leukocyte isolation and RNA extraction.  

 Blood (50-250 µL, based on weight of the mouse) was collected from MMTV/c-

MYC female mice and controls at regular intervals (approximately once per month) and 

again prior to euthanization (average age 431 days). Samples were collected using the 

submandibular (cheekpouch) method. Briefly, the vein that drains the face and cheek 

area was punctured by a lancet (GoldenRod animal lancet, MEDIpoint, Inc., Mineola, 

NY) and blood was captured in BD Microtainer™ tubes with potassium-EDTA 
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anticoagulant (Becton Dickinson, Franklin Lakes, NJ). Tubes were immediately inverted 

10-12 times and placed on ice. Following erythrocyte lysis, total RNA was isolated from 

the leukocyte pellet using the QIAamp RNA Blood Mini Kit (Qiagen, Valencia, CA). 

Alternatively, the leukocyte pellet was immediately lysed, homogenized and stored at -

80°C. RNA was isolated at a later date using the protocol described above or the adapted 

protocol associated with the QIAamp RNA Blood Mini Kit for use in the QIAcube 

(Qiagen, Valencia, CA). The quantity of RNA was assessed by absorbance at 260 nm by 

the NanoDrop ND-1000 (Thermo Fisher Scientific, Wilmington, DE). RNA quality was 

assessed by Agilent 2100 Bioanalyzer RNA 6000 PicoChip (Agilent, Palo Alto, CA). 

Purified total RNA (200 ng) was amplified using NuGEN Ovation™ RNA Amplification 

System (NuGEN Technologies, Inc., San Carlos, CA). Amplified RNA was labeled and 

hybridized onto Affymetrix M420 2.0 GeneChip oligonucleotide arrays (Affymetrix, 

Santa Clara, CA) according to the manufacturer’s instructions. 

4.2.2.3 Complete blood count and differential 

Whole blood was collected from mice immediately following euthanization. The 

samples were collected from the hepatic portal vein using a 3 mL syringe and a 19-gauge 

needle. The sample was immediately transferred to a collection tube containing 

K2EDTA, inverted 10-12 times and placed on ice. Samples (130 µL minimum) were 

delivered to the Duke University Medical Center Veterinary Diagnostic Laboratory and 

were analyzed within 8 hours of collection using a Cell-Dyn 3700 Hematology Analyzer. 

Manual differentials were performed as necessary. 

4.2.2.4 Quantitative RT-PCR 

RNA was isolated from mouse PBCs as previously described. We analyzed PBC 

RNA from each of the 5 transgenic lines and wildtype FVB/N females in triplicate. We 
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also analyzed mammary tumor RNA from a transgenic mouse and mammary gland RNA 

from a wildtype lactating female. We used the following primer pairs to amplify the c-

MYC transgene and total MYC (transgenic and endogenous). 

  

Table 3. qRT-PCR primers for MYC amplification. 

 Primer 1 (5’ -> 3’) Primer 2 (5’ -> 3’) 

c-MYC transgene CTGTCCATTCAAGCAGACGA GTATGGGTACCCTGCACCAG 

Total MYC GCCATAATTTAACTGCCTCAAA CCTATTTACATGGGAAAATTGGA 

 

 All reported values represent the threshold change as compared to the 

housekeeping gene beta-actin and are relative to MYC expression in the wildtype 

lactating mammary gland. 

4.2.2.5 Comparison of MYC transcript levels from microarray analysis 

We identified probes from the M430 2.0 Affymetrix GeneChip related to the 

myelocytomatosis oncogene (avian v-myc myelocytomatosis viral oncogene homolog) by 

using the NetAffx query tool4. We then compared the average signal intensity of these 

probes across all 4 groups of mice based on MAS5 normalized data: 1) FVB virgin 

controls; 2) FVB age-matched controls; 3) MMTV/c-MYC pre-tumor and 4) MMTV/c-

MYC post-tumor. 

4.2.2.6 Generation of a mouse mammary tumor predictor 

The entire mouse gene expression dataset was standardized employing principal 

components of the Affymetrix control probe sets (160). We then performed a sparse 

ANOVA on the entire mouse gene expression data set (45,101 Affymetrix probes) to 

identify 4,276 genes that were significantly differentially expressed between the control 
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and tumor-bearing mice (based on a posterior probability of ≥ 0.99). Next we randomly 

divided the samples into roughly equal-sized training (n = 46) and validation cohorts 

(n=47). We used BFRM (161) to identify 49 factors, or linear combinations of genes, in 

our training dataset. We utilized the Shotgun Stochastic Search (SSS) (162) method to 

identify small subsets of the factors that predicted tumor status within the training set, 

which included samples from 14 control mice and 32 transgenic tumor-bearing mice. 

Using our training set, we generated 5000 possible predictive models and used model 

averaging (based on median posterior marginal probability) of the top 200 predictive 

models. Model averaging has been shown to perform better than algorithms that use the 

single best model for prediction because it gives a truer estimation of uncertainty (163). 

Then the resulting fitted regression models were used to predict tumor status in a 

separate validation set of mouse PBC samples from 14 control mice and 33 transgenic 

tumor-bearing mice. (For fully versioned and annotated source code and data objects, 

please see the following QUADRA repositories: “mouse-data-prep” and “mouse-

classification-model” at http://quadra.genome.duke.edu/mouse-2-human-mammary-

tumor-pbmc-project.) 

4.2.3 Results 

4.2.3.1 Development of a peripheral blood predictor of mouse mammary 
tumors 

The overall modeling strategy we employed involves using the mouse model to 

first identify those genes that are most relevant to the PBC response to a mammary 

tumor and then using these genes as the basis for developing a human breast tumor 

predictor. This strategy is outlined in Figure 7. Based on our initial findings that these 

transcripts were sufficient to develop a robust and accurate predictor of mouse 

mammary tumors, we felt it reasonable to pursue this approach. To generate a predictive 
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model based on peripheral blood gene expression in the mouse, we first randomly 

divided samples into roughly equal training and validation cohorts. We strictly adhered 

to maintaining the independence of the training and validation cohorts by performing all 

model-building steps in the training set. Following this principle, we next used a sparse 

ANOVA method to identify 4,276 differentially expressed transcripts between transgenic 

tumor-bearing mice and age-matched controls in the training cohort and subsequently 

used BFRM as previously described here (161) to generate a collection of 49 factors in the 

these samples. These factors were used as variables for SSS as previously described here 

(162), to generate a predictive model, which was based solely on the training data and 

then validated in our independent validation cohort. The predictive model performed 

with 100% sensitivity and specificity in the training set. More importantly, it performed 

equally well in the validation set, distinguishing samples based on tumor status with 

100% sensitivity and specificity (Figure 8). 
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Figure 8. Generation and validation of the mouse mammary tumor 
signature.  

A mouse mammary tumor predictor based on gene expression of PBCs from 
a training set of tumor• bearing transgenic mice (red circles, n=32) and 
nontransgenic tumor• free mice (blue circles, n=14). A) This signature is 
capable of distinguishing the two classes accurately within the training data 
set as shown in the model fit diagram. B) Furthermore, this signature was 
applied to an independent set of PBC samples from transgenic tumor mice 
(n= 33) and nontransgenic controls (n=14) to predict the tumor status of 
each sample. It demonstrated 100% sensitivity and 100% specificity in 
predicting tumor status, using the optimal threshold of 0.8118 as calculated 
using Youden’s J-statistic.
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4.2.3.2 Probing the biological basis of a mouse mammary tumor predictor 

Although the MMTV promoter is known to control c-MYC expression in a 

mammary-specific manner, we examined c-MYC expression in the blood cells of 

transgenic mice in order to confirm that the peripheral blood signature we observed was 

not the result of aberrant c-MYC expression. We used quantitative RT-PCR to confirm 

that the transgenic mice used in these experiments have little to no expression of the c-

MYC mRNA transcript in the peripheral blood cells relative to the high levels observed in 

the mammary tumors from the transgenic mice. In a second approach, we compared the 

levels of MYC expression among the different groups of mice based on the signal 

intensity of the Affymetrix probe sets. Our results (Figure 9) suggest that the peripheral 

blood signature we observe is not a result of c-MYC expression in the peripheral blood 

cells. In addition, we show that the transgenic and wildtype mice used as the basis for the 

breast tumor predictor have similar leukocyte profiles, indicating that the observed gene 

expression changes are not due to a difference in the proportions of the various leukocyte 

subpopulations (Figure 10).  
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Figure 9. Expression levels of Myc transcript in peripheral blood.  

(See opposite page.) The levels of Myc mRNA transcript in the peripheral 
blood were measured by quantitative RT-PCR in MMTV/c-myc mice of each 
of the five transgenic lines derived by Eran Andrechek.  As a negative 
control, we analyzed expression levels in the peripheral blood and 
mammary gland of a wildtype lactating mouse.  As a positive control, we 
analyzed expression levels in the tumor tissue from a transgenic mouse. 
Expression was normalized according to expression of the housekeeping 
gene beta-actin and set relative to the wildtype lactating mammary gland. A) 
Total Myc levels were measured, including both endogenous and transgenic 
transcripts. B) Levels of the Myc transgene alone were also measured, using 
primers specific to the transgenic construct. C) Additionally, peripheral 
blood Myc transcript levels were calculated based on signal intensity of the 
Affymetrix probesets for the myelocytomatosis oncogene (1425923_at, 
1417155_at,1425922_a_at, 1417155_at, 1425922_a_at, 1425923_at, and 
1424942_a_at). There were no significant differences in expression levels 
for any of the three probes across all three classes of mouse. Light blue = 
wildtype FVB virgin mice; dark blue = wildtype FVB age-matched controls; 
pink = MMTV/c-myc transgenic mice prior to tumor palpation; red = 
MMTV/c-myc transgenic tumor-bearing mice. 
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Figure 10. Analysis of leukocyte subpopulations in mouse peripheral blood.  

Samples were collected from mice by venipuncture from the hepatic portal 
vein following euthanization in BD Microtainer™ tubes with potassium-
EDTA anticoagulant, placed on ice and analyzed within 8 hours. The Duke 
University Medical Center Veterinary Diagnostic Laboratory analyzed 
samples using a CELL-DYN 3700 Hematology Analyzer.  Leukocyte 
subpopulations were counted and calculated as a percentage of total 
leukocytes in each cohort of mice:  virgin control mice (n=4); controls 
matched for age and parity (n=15); transgenic mice with advanced tumors 
(n=28); and wildtype mice with MMTV/c-myc tumor implants that have 
reached approximately 1cm in diameter (n=5). The Virgin Control mice, 
which were considered to be immunologically naïve, have a distinctly 
different distribution of leukocytes subgroups.  However, all other groups of 
mice show similar leukocyte profiles, indicating that any gene expression 
differences observed are likely a result of the presence of the tumor, rather 
than differences in the proportion of a particular cell type.
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4.2.4 Discussion 

Our analysis of MYC transcript levels shows that the transgene is expressed at 

similar levels in transgenic mice and controls, indicating that the gene expression 

patterns we observed are not due to MYC expression in the PBCs. However, in order to 

address the potential concern that the reported signature is due to constitutive MYC 

expression throughout development in the transgenic mouse, we have performed similar 

experiments in a conditional MYC mouse model, in which MYC is turned on and off by 

administration of doxycyline (157, 164). Using this system, we hope to demonstrate that 

our signature is capable of accurately predicting tumor status in an independent mouse 

model without constitutive transgene expression. This mouse model also exhibits tumor 

regression upon MYC inactivation in a subset of mice. This would present an interesting 

opportunity to test whether our signature can distinguish between mice whose tumors 

regress compared to those whose tumors do not. This would have implications in human 

disease, as it would indicate that our signature was capable of monitoring patients 

following treatment.  

Our approach to developing a predictor of human breast cancer makes use of the 

power of a transgenic mouse model system to first identify those genes most relevant to 

the presence of a tumor. The model organism provides many advantages in generating a 

blood-based predictor of the presence of mammary tumors. This system eliminates many 

of the confounding variables present in human studies, such as heterogeneous genetic 

backgrounds, varied environmental exposures and a wide array of co-morbid conditions 

and drug regimens. All of these factors contribute to a high degree of experimental noise. 

By using the transgenic mouse model, we are able to control for these factors and focus 

on the relevant phenotype – the presence of a mammary tumor. Using this approach, we 
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were able to identify a robust signature that was capable of predicting tumor status in an 

independent set of mouse peripheral blood samples with 100% sensitivity and specificity. 

These initial experiments will serve as the foundation for the development of a blood-

based predictor of human breast tumors and will allow us to address other questions that 

are not as tractable in human studies, such as whether peripheral blood biomarkers are 

detectable in the early stages of tumorigenesis, and whether they can be used to detect 

cancer recurrence or metastasis. 
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4.3 Characterization of Signature Sensitivity 

4.3.1 Introduction 

Although there is a great emphasis on improving methods of early detection of 

breast cancer, it is extremely difficult to study human breast cancer in its early stages.  

By the time a patient presents with symptoms, many genetic and genomic changes have 

already taken place.  To help circumvent these obstacles, we chose a transgenic mouse 

model of mammary carcinogenesis with a defined genetic background and a 

homogeneous natural history of disease.  This allowed us to not only to establish a robust 

gene expression profile associated with the presence of an advanced mammary tumor, 

but it also allowed us study peripheral transcriptional markers at very early stages of 

disease in a controlled system as well as test their predictive capacity in mice at early 

stages of tumor development (prior to tumor palpation).  We hypothesized that the 

robust changes in peripheral blood gene expression observed in the mouse might serve 

as a basis for detecting tumors at an early stage. The original mouse model provided gene 

expression data from two extreme phenotypes, which we used to build a predictor of the 

presence of a tumor. We then applied this predictor to samples collected from the same 

transgenic mouse cohort throughout the process of tumorigenesis. Our goal was to assess 

the sensitivity of our predictor as a function of tumor progression and establish a 

threshold of detection. 

4.3.2 Materials and Methods 

We compared gene expression profiles of PBCs isolated from tumor-bearing 

transgenic mice and nontransgenic tumor-free controls (n=15 per group). We generated 

a tumor-associated gene expression signature composed of a subset of genes most 

correlated to tumor development by applying established methods of supervised 
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classification and binary regression developed by West, et al. to MAS5 normalized data 

(99). Then, we applied this signature to a separate validation set of samples not used to 

build the signature, which included 50 samples from tumor-bearing mice and 13 

controls. In order to test the sensitivity of the signature as a function of tumor 

progression, we used samples collected from transgenic mice prior to the time a tumor 

was first palpated (n=3 for each timepoint) as well as control samples (n=11) that 

reflected the same range of ages of the transgenic mice.  We analyzed gene expression as 

described above and MAS5 normalized these data together with that used to generate the 

original signature.  We also applied ComBat1 software developed by Johnson, et al. (165) 

and written in R to account for batch effects. We re-trained the model using the entire 

mouse gene expression data set generated from tumor-bearing mice (n=65) and tumor-

free controls (n=28), with the addition of half of the control samples collected over a 

range of ages (n=6).  In this way we used the control samples to account for changes in 

blood gene expression patterns due to age and refine the gene expression pattern 

originally observed in the transgenic mouse model.  We used this refined signature to 

predict the tumor status of the remaining control samples as well as the samples from 

transgenic mice using the methods described above.  

4.3.3 Results 

Past experience has demonstrated the feasibility of using gene expression 

signatures generated from two distinct biological states to accurately predict the status of 

samples representing a range of intermediate phenotypes.  Therefore, we hypothesized 

that the mouse mammary tumor signature could be used to detect tumors early based on 

blood samples collected from our transgenic mice prior to tumor formation.  To test this 

                                                        

1 http://statistics.byu.edu/johnson/ComBat 
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hypothesis, we used blood samples collected from our transgenic mouse cohort 

throughout the course of tumorigenesis as well as samples from the control mice over the 

same time period.  First, we used some of these control samples to refine our original 

signature in order to reflect the impact of age on the peripheral blood gene expression 

profile.  Next, we applied this refined signature to samples collected from transgenic 

mice over the course of tumor development to predict whether any given sample came 

from an animal with a tumor present.  We observed a general increase in predicted 

tumor probability as the tumor progressed (Figure 11).  Especially noteworthy is that 

samples collected up to 120 days prior to tumor palpation showed a marked increase in 

tumor probability compared to those collected earlier than 120 days or controls (Figure 

12).  This difference in predicted probability is significant as determined by receiver-

operator characteristic (ROC) curve comparing all samples collected more than 120 days 

prior to tumor palpation to those collected at 120 or less (AUC = 0.8074, p-value = 

0.01337) as shown in Figure 12B.  The results of the leave-one-out crossvalidation for the 

samples in the training data set are shown in Figure 13. We confirmed that the increase 

in predicted probability was not due to the potentially confounding factor of age by 

plotting predicted probability as a function of age of the mouse.  Although probability of 

a tumor is positively correlated with age in the transgenic mouse, we observed no such 

correlation in the tumor-free controls, suggesting that the effect is due primarily to the 

presence of the tumor (Figure 14). 
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Figure 11. Sensitivity of the signature in detecting mammary tumors prior to 
palpation.  

Boxplot of predicted tumor probability of blood samples collected from 
MMTV/c• myc mice at timepoints ranging from 300 days before tumor 
palpation until 30 days after tumor palpation. Each timepoint includes 3 
separate biological samples. The control group includes 5 separate 
biological samples. The median value is represented by a red line; the 
interquartile range is shown as a blue box; the whiskers extend to data 
points within 1.5 times the interquartile range; and outliers are depicted as 
red crosses.  
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Figure 12. Signature accurately detects tumors up to 120 days prior to 
palpation.  

The samples were grouped into two categories – those collected more than 
120 days before tumor palpation (>120) and those collected 120 days or less 
before tumor palpation (≤120). A) The mean predicted probabilities were 
0.25 and 0.76 respectively, which are significantly different with a p-value of 
0.0023 using an unpaired T-test. B) We used a ROC curve to analyze the 
ability of the model to accurately classify samples as either positive or 
negative for a tumor based on an optimal cutoff of 0.3448. This model had 
an overall accuracy of 81%, calculated as the area under the curve (p-value = 
0.01337). 
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Figure 13. Crossvalidation results for the refined mouse mammary tumor 
signature. 

Predicted probabilities are plotted for the samples used to generate the 
refined signature. Horizontal lines = timepoint controls chosen to match the 
age range of the transgenic mice (n=5); blue = controls matched for age and 
parity (n=28); and red = MMTV/c-myc transgenic mice with advanced 
tumors (n=65). 
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Figure 14. Relationship between age and tumor signature strength.  

A) Data indicate a strong positive correlation between age of the mouse and 
predicted tumor probability (r2=0.1438).  However, the observed peripheral 
blood signature is most likely a function of the presence and progression of 
the mammary tumor rather than the age of the mouse.  B) This is supported 
by the fact that we observed no such correlation in the tumor-free controls 
(r2=0.004103). 
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4.3.4 Discussion 

The use of the mouse model system allows us to identify robust gene expression 

signatures that can be then be applied to heterogeneous clinical samples to develop 

blood-based biomarkers of breast cancer. Furthermore, the mouse model facilitates 

exploration of the presence of a tumor-associated signature in mice prior to evidence of a 

palpable tumor. Our results suggest that the mouse mammary tumor signature may be 

sensitive enough to detect tumors at a very early stage of development. These findings 

would be further strengthened by additional research to correlate changes in gene 

expression with more precise measures of tumor burden based on in vivo imaging or 

histological staining of the mammary tissue. Although we do not fully know how the 

timeline of tumor progression in the mouse translates into the natural progression of 

human breast cancer, the results of this study show promise in using a peripheral blood 

biomarker for the purposes of early cancer detection. In human breast cancer, the ability 

to identify disease at an early stage, prior to the spread of micrometastases, presents a 

significant opportunity for improving outcome in breast cancer. Unfortunately, in many 

instances patients present with advanced disease. This approach could prove to be 

valuable in other contexts as well. A key example can be seen with ovarian cancer where 

the vast majority of patients are diagnosed with stage IV disease. Given that patients 

diagnosed with such advanced disease face a poor prognosis, the development of 

methods for detection at an early stage of the disease process would have a substantial 

impact on outcome.  

 



 

 72 

4.4 Development of a Peripheral Blood Signature that 

Predicts the Presence of Breast Cancer in Humans 

4.4.1 Introduction  

Based on our success in developing a robust predictor of mammary tumors in the 

mouse model using a factor modeling approach, we sought to develop an analogous 

predictor of human breast tumors. As previously described, our strategy was to utilize 

the mouse model as a way to focus on those genes that were clearly related to the subtle, 

but characteristic PBC response to a tumor. We did this by using the significantly 

differentially genes identified in the mouse as the starting point for developing a factor 

model to predict the presence human breast tumors. One potential alternative strategy 

was to apply the factor modeling approach directly to human PBMC gene expression 

data to generate a possible predictive model. We tested this strategy as well, and it is 

discussed below; however, it does not take into account confounding variables related to 

the collection of the PBMC samples that could potentially result in overfitting of the 

model to this particular data set. Namely, samples collected from healthy cancer-free 

women were collected prior to a screening mammogram. However, in order to enrich for 

patients with a diagnosis of either benign breast abnormalities or breast cancer, samples 

were also collected from women referred for a diagnostic biopsy. This means that the 

samples were collected in two different locations and under different circumstances. This 

could conceivably have an effect on peripheral blood gene expression. However, we have 

controlled for this variable by first identifying significantly differentially expressed 

transcripts in the mouse model, allowing us to focus on gene expression changes related 

to the presence of the tumor rather than other factors. This follows the strategy our 

laboratory has successfully applied in other contexts by generating a gene expression 
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signature in a well-defined experimental system, so that it can then be easily applied to 

more complex and heterogeneous sample sets such as human clinical samples.  

4.4.2 Materials and Methods 

4.4.2.1 Patient samples   

Peripheral blood mononuclear cell (PBMC) samples were collected from women 

with a suspect initial mammogram prior to undergoing a diagnostic biopsy procedure to 

determine whether the detected abnormality was benign or malignant. In total, we 

collected blood from 57 women with a diagnosis of breast cancer and 37 with a benign 

diagnosis. We also collected blood from 31 women with normal initial mammograms as 

negative controls and 15 breast cancer patients following surgery. All breast cancer 

patient samples were collected at the Duke University Medical Center under an 

institutional review board (IRB)-approved protocol1 after obtaining informed consent 

and were provided by Dr. Jeffrey Marks. PBMC samples from patients with various 

gastrointestinal cancers (n=15) were collected and stored at Duke University Medical 

Center under IRB-approved protocols2 and were provided by Dr. Jeffrey Marks. 

Peripheral blood leukocyte samples from patients with brain tumors (n=7) were 

provided by Dr. John Sampson and were collected by leukapheresis as part of IRB-

approved protocols3. 

4.4.2.2 Human Blood Collection, PBMC Isolation and RNA Extraction   

Blood samples (8 mL) were drawn into BD Vacutainer™ CPT™ Cell Preparation 

tubes with sodium citrate (Becton Dickinson, Franklin Lakes, NJ) by routine 

venipuncture, inverted 8-10 times to mix, labeled with a patient identification number 

                                                        

1 Duke eIRB#12025  
2 Duke eIRB#12010 and 12025 
3 Duke eIRB#00003877 and #00009403 
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and transported to the laboratory at room temperature for processing within 2 hours. 

Tubes were mixed again immediately prior to processing. Tubes were centrifuged for 30 

minutes at 2,500 rpms in a centrifuge with a swinging bucket rotor. The plasma layer 

was removed, and then the remaining buffy coat was poured into a 15 mL conical tube. 

Next, 5 mL of chilled phosphate buffered saline (PBS) with 2% fetal bovine serum (FBS) 

was added to the CPT tube, which was capped and inverted to mix. The contents were 

poured into the same 15 mL conical tube, which was then centrifuged for 10 minutes at 

1200 rpms at room temperature. The supernatant was then aspirated and the pellet was 

resuspended in 1 mL of freezing media (RPMI with 20% DMSO and 20% FBS). The cells 

were then transferred to a cryovial (Nunc, Roskilde, Denmark) and placed in a freezer 

box at -80°C. After 24 hours samples were transferred to liquid nitrogen storage. Total 

RNA from peripheral blood mononuclear cells was isolated using the Ambion 

Ribopure™-Blood kit (Ambion, Austin, TX). The quantity of RNA was assessed by 

absorbance at 260 nm by the NanoDrop ND-1000 (Thermo Fisher Scientific, 

Wilmington, DE). RNA quality was assessed by Agilent 2100 Bioanalyzer RNA 6000 

NanoChip (Agilent, Palo Alto, CA). Purified total RNA (2.5 µg) was labeled and 

hybridized onto Affymetrix U133 Plus 2.0 GeneChip oligonucleotide arrays (Affymetrix, 

Santa Clara, CA) according to the manufacturer’s IVT 1-cycle processing protocol. 

4.4.2.3 Development of a human breast tumor predictor 

In order to generate a human breast tumor predictor, we utilized the list of 

significantly differentially expressed genes identified previously from the mouse gene 

expression data. This list of 4,276 Affymetrix Mouse Genome 430 2.0 probe identifiers 

was translated into 2,595 orthologous human probes (Affymetrix HU133 Plus 2) and 

used to filter our human dataset, which was normalized employing principal components 
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of the Affymetrix control probe sets. We divided our samples into completely 

independent training and validation sets. The training set consisted of 30 PBMC samples 

(10 breast cancer patients, 10 patients with benign breast abnormalities and 10 healthy 

individuals). To minimize potential batch effects, these samples were hybridized in 4 

batches that each included samples from all three phenotypic categories: healthy 

individuals, patients with benign breast abnormalities and patients with breast tumor. 

We used BFRM to identify 26 factors, or linear combinations of genes, in the training 

dataset. The 26 factors represent common patterns of expression within the set of 2,595 

genes. We utilized the SSS method to identify small subsets of the factors that were 

predictive of breast tumor status within the training set. Using our training set, we 

generated 5000 possible predictive models and used model averaging (based on median 

posterior marginal probability) of the top 200 predictive models. We identified those 

factors contributing significantly to the model average based on median posterior 

marginal probability (Figure 15).  Then the resulting fitted regression models were used 

to predict breast tumor status in a separate validation set of PBMC samples. A schematic 

of our experimental design can be found in Figure 7. 

To evaluate the reproducibility of the predictive model, we performed 

permutation testing and a swap experiment. The permutation test used the same factors 

generated from our human PBMC training set. However, we randomly permuted (x100) 

which samples were assigned to the training and validation sets. The “swap experiment” 

is based on the recommendations of the MicroArray Quality Control (MAQC)-II study 

(166) and consisted of swapping the training and validation sets, generating new factors 

from the original validation set and then validating these new factors in the original 

training set. Next, we assessed the biological relevance of the factors to the phenotype in 
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question (presence of a breast tumor) by performing two negative controls. First, we 

used the original factors, but scrambled the phenotypic labels (Normal and Malignant) 

iteratively, evaluated the predictive models and looked at the distributions of the test 

characteristics. We performed 200 iterations. Second, we generated a set of mock factors 

from a publicly available insulin/muscle-biopsy dataset (GSE7146) and projected them 

into the original training and validation sets. We then compared this predictive model to 

the human breast tumor predictor generated from the mouse ortholog data. As a 

validation of our overall approach, we also tested the utility of generating a breast tumor 

predictor from the human PBMC gene expression data using the same parameters 

applied to the mouse gene expression data4.  

4.4.2.4 Functional Annotation 

To explore the underlying biology of a breast tumor predictor based on peripheral 

blood gene expression, we analyzed the genes included in the predictor using publicly 

available annotation tools. To simplify our analysis, we included all 115 unique 

Affymetrix probes (3 probes were represented in 2 factors each) that comprise the 3 top-

performing factors in the predictive model (Figure 15). We used the Affymetrix NetAffx 

Batch Query tool to translate the 115 HU133 Plus 2.0 Array probe identifiers into 115 

gene symbols and descriptions. We used GATHER3 to input the lists of 83 upregulated 

and 32 downregulated probe identifiers and generate annotations for gene ontology 

categories, KEGG pathways, protein binding partners and transcription factor binding 

sites. 

                                                        

4 For fully versioned and annotated source code and data objects, please see the corresponding QUADRA 
repositories by visiting http://quadra.genome.duke.edu/mouse-2-human-mammary-tumor-pbmc-project. 
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4.4.2.5 Gene Set Enrichment Analysis 

GSEA (version 2.0.5) was used as previously described. Briefly, we used the gene 

set annotation feature of GSEA1 to identify those gene sets that overlap with the 

upregulated and downregulated genes in the breast tumor predictor.  These gene sets 

offer insights into the functional annotation of our experimentally derived factors and 

have the potential to reveal the underlying biology of each factor.  We used the list of 

Affymetrix probe identifiers as the input into the browser’s query field.  After selecting 

the appropriate identifier platform (Affymetrix HU133 Plus 2.0), we chose to compute 

the top 10 overlaps with the each of the following categories of gene sets: C1, which 

represents 326 positional gene sets; C2, which is a collection of 1,892 curated gene sets; 

C3, which contains 836 gene sets with a shared, putative cis-regulatory element that is 

conserved across species; C4, which contains 881 computational gene sets that are 

defined by mining large collections of cancer-oriented microarray data and C5, which 

contains 1,454 gene sets annotated by a common GO term. In our efforts to annotate the 

biological function of each factor, we focused on those gene sets that incorporated a large 

proportion of the genes within the predictor and had the most statistically significant 

overlap. 

4.4.2.6 QUADRA 

QUADRA was developed and launched by collaborator and co-author, Dr. Erich 

Huang. It encompasses both an open source distributed version control system ‘Git’ 

(Version 1.7.2.25), an adaptation of the open source Ruby on Rails web hosting platform 

‘Gitorious6’ as well as ‘good operating principles’ in genomic computation. The basic 

                                                        

5 available at www.git-scm.org 
6 www.gitorious.com 
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principles of QUADRA encompass the following: (1) all data manipulations start with 

raw data (as obtained from a core facility or GEO), and all manipulations/interactions 

with the data are performed and versioned within a scientific computing environment, in 

this case MATLAB (Version 7.9.0.529, R2009b, Mathworks, Natick, MA), (2) the entire 

analytic flow is recorded and versioned in source code; therefore, all aspects of factor and 

model generation are performed programmatically and can be read as MATLAB source 

code, (3) once an analysis is finalized, its “publish” run is recorded as an HTML file so 

that the scientific community can reconcile the actual analysis with what is reported and 

the source code; and (4) all source code and data are available to the public7.  

 

4.4.3 Results 

4.4.3.1 Human patient characteristics 

The training set contained samples from women diagnosed with invasive breast 

cancer or benign breast abnormalities, as well as samples from women with no evidence 

of breast cancer. The entire training set (including Benign, Normal and Malignant 

samples) was used to generate factors. The predictive model was built based on a 

comparison of the Normal and Malignant samples. The validation set contained samples 

from women with normal, benign or malignant diagnoses, as well as samples from 

patients with a variety of gastrointestinal cancers or brain cancer. The clinical and 

demographic characteristics of the training and validation patient cohorts are broken 

down into phenotypic subgroups (Normal and Malignant) and reported in Table 4. These 

two cohorts did not show any statistically significant differences in terms of age, race, 

                                                        

7 For the work described here, the code repository is available at http://quadra.genome.duke.edu/mouse-2-
human-mammary-tumor-pbmc-project. 
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gender, diagnosis, BI-RADS score, hormone receptor status or lymph node status. The 

training cohort consisted of 10 samples from healthy, control individuals (average age of 

56 years; range 44-75) and 10 samples from breast cancer patients (average age of 61 

years; range 43-85); the validation cohort consisted of 21 samples from healthy, control 

individuals (average age of 58 years; range 46-80) and 47 samples from breast cancer 

patients (average age of 59 years; range 32-85). A comparison of patient characteristics 

based on phenotypic group can be found in Table 5.  Notably, we ensured that the patient 

samples in the training cohort were all processed together to minimize technical batch 

effects. 
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Table 4. Patient characteristics by training and validation data set. 

Normal (n=31) 

Category  

Training 

(n=10) 

Validation 

(n=21) p-value 

Age (y)       0.5400* 

  Mean 55.80 57.81   

  Median 55.00 55.00   

  Max 75.00 80.00   

  Min 44.00 46.00   

Gender       N/A 

  Female 20 68   

  Male 0 0   

Race       0.2216† 

  White 9 14   

  Other 1 7   

BI-RADS 

Score       0.2540‡ 

  0 0 2   

  1 9 13   

  2 1 6   

  3 0 0   

  4 0 0   

  5 0 0   

  6 0 0   

  

Incomplete/ 

Unavailable 0 0   

Malignant (n=57) 

Category  

Training 

(n=10) 

Validation 

(n=47) p-value 

Age (y)       0.6444* 

  Mean 61.40 58.68   

  Median 56.00 61.00   

  Max 85.00 85.00   

  Min 43.00 32.00   

Gender       N/A 

  Female 10 47   

  Male 0 0   
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(Table 4. Continued from previous page.) 

Race       1.0000† 

  White 9 14   

  Other 1 7   

BI-RADS 

Score       0.8695‡ 

  0 0 2   

  1 0 2   

  2 1 2   

  3 0 0   

  4 3 16   

  5 4 12   

  6 0 2   

  

Incomplete/ 

Unavailable 2 11   

HER2       0.2253‡ 

  Positive 3 5   

  Negative 4 18   

  Unknown 3 24   

ER       0.1036‡ 

  0 - 2 3 15   

  3 - 8 4 6   

  Unknown 3 26   

PR       0.2844‡ 

  0 - 2 4 12   

  3 - 8 3 8   

  Unknown 3 27   

Positive 

Lymph 

Nodes       0.0685‡ 

  

No LN 

Sampling 1 23   

  0 5 18   

  1 1 4   

  2 1 1   

  3 0 1   

  9 1 0   
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Table 5. Patient characteristics by phenotype 

Training (n=20) 

Category   

Normal 

(n=10) 

Malignant 

(n=10) p-value 

Age (y)       0.5288* 

  Mean 55.80 61.40   

  Median 55.00 56.00   

  Max 75.00 85.00   

  Min 44.00 43.00   

Gender       N/A 

  Female 10 10   

  Male 0 0   

Race       0.3049† 

  White 9 10   

  Other 1 0   

Validation (n=68) 

Category  

Normal 

(n=21) 

Malignant 

(n=47) p-value 

Age (y)       0.7804* 

  Mean 57.81 58.68   

  Median 55.00 61.00   

  Max 80.00 85.00   

  Min 46.00 32.00   

Gender       N/A 

  Female 21 47   

  Male 0 0   

Race       0.0028† 

  White 14 45   

  Other 7 2   
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4.4.3.2 Development of a peripheral blood predictor of human breast tumors 

Based on the performance of the mouse mammary tumor predictor, we sought to 

use these studies as a foundation for developing a predictor of human breast tumors. To 

develop this predictor, we started with the list of differentially expressed genes derived 

from the mouse model and translated them into their human gene orthologs. We used 

this gene list to filter our human gene expression data. Next, we used the same modeling 

pipeline employed for the mouse model to generate sparse factors and train a predictive 

model using shotgun stochastic search.  In building the models, we again randomly 

divided the dataset into independent training and validation cohorts, as previously 

described, and ensured that factors and the predictive model built from them were 

generated from the training set alone and completely insulated from the validation set. 

The performance of the derived predictive model in distinguishing controls from 

cancer patients is shown in Figure 16 (A-C). The predictor showed robust capacity to 

distinguish between the two groups in the training set. Moreover, we were able to predict 

tumor status in the validation set with 89% sensitivity and 100% specificity (as 

calculated using Youden’s J-statistic to obtain a threshold of 0.3760). The diagnostic 

characteristics of this predictive model were tested by a receiver-operator characteristic 

(ROC) curve, which demonstrated an area under the curve (AUC) of 0.9696. We 

obtained similar results from the swap experiment in which we swapped the training and 

validation sets and completely regenerated the factors and the predictive model (again 

maintaining strict independence of the switched training and validation sets), indicating 

the validity of the modeling approach based on the orthologs identified in mouse (Figure 

16 D-F). The results of the mock factor analysis (Figure 16 G-I) confirm that a model 

based on a set of unrelated, biologically orthogonal factors is not sufficient to build a 
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predictive model of breast tumor status. The mock factors, which were generated from 

an insulin/muscle-biopsy gene expression dataset (GSE 7146), were unable to 

distinguish between samples based on breast tumor status in the independent validation 

set. In addition to the swap experiment and mock factor analysis, we also performed 

permutation testing to evaluate the reproducibility of the predictive model. We used the 

same factors generated in the original training set, but randomly assigned samples to 

either the training or validation sets (100 permutations). The distribution of test 

characteristics from this analysis are shown in Figure 17 and indicate that we are able to 

generate a robust predictive model regardless of which samples were assigned to the 

training and validation sets. Figure 18 shows the results (overlaid with the results in 

Figure 17 for comparison) of a negative control experiment in which we scrambled the 

phenotypic labels of the samples but used the same factors generated from the original 

training set to generate a potential predictive model. The distribution of test 

characteristics from these analyses show that the factors generated from the original 

training set is related to phenotype. Finally, to evaluate the possibility of generating a 

predictor derived purely from human peripheral blood mononuclear cell (PBMC) 

samples, we performed a sparse ANOVA (using identical parameters as those used with 

the mouse data) on a training cohort of patient samples with no malignant or benign 

breast lesions versus patients with malignancy. This yielded a small subset of 81 genes. 

Employing BFRM as previously described to identify potentially predictive factors, we 

identified a single factor, which performed no better than the mouse-derived factors. 
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Figure 15. Inclusion probabilities of factors in the predictive model.  

We generated a collection of 26 factors from the human PBMC training set 
using the methods described previously and used SSS to put these together 
in various combinations to form predictive models (5000 iterations), which 
were validated in an independent sample set. We calculated the top 
performing factors based on their inclusion probability (median posterior 
marginal probability) in the top 200 models. These 26 factors are plotted 
along the x-axis and the median posterior marginal probabilities are plotted 
on the y-axis. The top 3 factors with inclusion probabilities significantly 
above the background noise are 3, 12 and 14.
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Figure 16. Gene expression signature predicts human breast cancer.  

(See next page.) We generated a human breast cancer predictor from 
human PBMC samples by using a mouse model of breast cancer to first 
identify the most informative probes to use in a subsequent factor modeling 
approach. A) We generated the predictive model from a training set of 
healthy cancer-free individuals (n = 10) and patients with invasive breast 
cancer (n = 10). Blue = normal; red = malignant. An assessment of the 
model fit shows that this predictor has a robust capacity to discriminate 
among samples based on breast tumor status with 100% sensitivity and 
specificity. B) We then used this predictive model to evaluate an 
independent set of samples (n = 162) for the capacity to distinguish controls 
from patients with a diagnosis of malignant breast cancer. This represents 
an external validation using samples not used in either the factor generation 
or the model building process. C) We were able to predict breast cancer 
status with a sensitivity of 89% and specificity of 100% (AUC = 0.97) as 
shown in the ROC curve. The optimal threshold was calculated as 0.3760 
based on Youden’s J-statistic. D) We then tested the validity of our modeling 
strategy by swapping the training and validation sets. New factors were 
generated based on the original validation set and new models were 
generated. The model fit diagram shows the ability to generate a robust 
model from the original validation set. E) This new model was validated in 
the original training set. F) It demonstrated a sensitivity of 100% and a 
specificity of 90% (AUC = 0.98). As a negative control, we generated mock 
factors from a publicly available dataset that was biologically unrelated to 
breast tumor status. We then projected these factors into the training (G) 
and validation (H) sets. I) The sensitivity was 83% and specificity was 48% 
(AUC = 0.63). 
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Figure 17. Distribution of test characteristics from data set permutation 
testing.  

We used the factors generated from the original training set, but randomly 
assigned samples to either the training or validation set (100 permutations) 
and plotted the distribution of the following test characteristics: p-value (A), 
sensitivity (B), specificity (C) and AUC (D). 
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Figure 18. Distribution of test characteristics from phenotype permutation 
testing.  

We used the factors generated from the original training set, but phenotypic 
labels of the samples were randomly permuted (200 iterations) and plotted 
the distribution of the following test characteristics: p-value (A), sensitivity 
(B), specificity (C) and AUC (D). Black = original phenotypes and red = 
scrambled phenotypes. 
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4.4.3.3 A use case for employing open source distributed version control and 

web-hosting tools 

With the goal of ensuring that all the methods and conclusions for this study are 

reproducible, we employed a pilot version control system entitled QUADRA (Figure 19). 

This system is built on the open source tools “Git” and “Gitorious”. The paradigm of 

QUADRA is that virtually all the computation described here, the intensive factor 

generation and model building steps, are performed programmatically, and every step of 

these analyses are securely stored in the system. Therefore, the entire process of 

generating all the factor models and intermediate data objects (including their version 

histories) is entered into Git repositories and is “pushed” to a publicly accessible web 

repository7, facilitating inspection and downloading of the source code. Further, the final 

“publication run” of all the scripts is captured in HTML-formatted webpages that are 

also versioned and can be downloaded from the QUADRA web-host (Figure 20). 
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Figure 19. Screenshot of http://quadra.genome.duke.edu/mouse-2-human-
mammary-tumor-pbmc-project. 
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Figure 20. Example of a published script from QUADRA in an HTML-
formatted webpage. 
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Figure 21. Factor coherence between the training and validation sets.  

Each of the top 3 factors that compose the human breast cancer predictor 
(3, 12 and 14) exhibits coordinated gene expression across the training set 
(A, C and E). Furthermore, this coordinate expression is recapitulated in the 
validation set (B, D and F). Each column represents a human PBMC sample. 
Samples are ordered left to right in descending order of their loading on the 
1st principal component. Each row is a gene (probe set) in descending order 
of correlation. Red = high expression and yellow = low expression.  
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4.4.3.4 Functional annotation of the genes comprising the breast tumor 

predictor 

The predictor described in this study reflects changes in the transcriptional 

program of the peripheral blood cells in response to the presence of a breast tumor.  

However, the mechanism(s) underlying this response are unknown and could be due to 

either a direct interaction between tumor and immune cells or indirect communication 

via signaling molecules.  In order to better understand the biological underpinnings of 

this PBC response, we focused on the 3 top-performing factors based on their median 

posterior marginal probabilities, which were significantly above the level of background 

noise (Figure 15). These factors, designated Factor 3, Factor 12 and Factor 14, exhibit 

coordinated expression across the samples in the training set. In addition, the 

relationship of the genes in the factors is largely conserved in the validation set (Figure 

21). These factors are described in terms of their constituent Affymetrix probe identifiers 

(Supplementary File 3). However, in order to simplify the presentation of these data, we 

have combined the gene lists of the three top factors in the predictor (3, 12 and 14) for a 

total of 115 unique probe identifiers (Supplementary File 4). Next, we analyzed this 

combined gene list based on the subsets of genes that were either upregulated (83 probe 

identifiers) or downregulated (32 probe identifiers) in the PBMCs of breast cancer 

patients compared to healthy controls using the various functions on GATHER and the 

GSEA Molecular Signatures Database. The results of these analyses are included in the 

Supplementary Files section.   

Using the GO function of GATHER, we identified the following gene ontology 

categories that were significantly enriched in the upregulated subset of genes (p-

value≤0.003): I-kappaB kinase/nuclear factor (NF)-kappaB cascade (GO:0007249); 

protein kinase cascade (GO:0007243); intracellular signaling cascade (GO:0007242); 
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positive regulation of I-kappaB kinase/ NF-kappaB cascade (GO:0043123); regulation of 

I-kappaB kinase/NF-kappaB cascade (GO:0043122); pentose-phosphate shunt 

(GO:0006098); NADPH regeneration (GO:0006740); positive regulation of signal 

transduction (GO:0009967); NADPH metabolism (GO:0006739). We also identified 

similar gene ontology categories by calculating the overlap between the upregulated 

subset of genes within the predictor and the GSEA GO gene sets. Furthermore, the 

KEGG analysis revealed that this subset of upregulated genes contained a significant 

number of genes involved in the canonical MAPK (mitogen-activated protein kinase) 

signaling pathway, which plays a role in NF-kappaB pathway signaling. In addition to the 

MAPK pathway, KEGG analysis also implicated the pentose phosphate pathway and the 

Jak-STAT (Janus kinase and signal transducer and activator of transcription) signaling 

pathway. The pentose phosphate pathway is involved in NADPH production and 

metabolism. This finding coincides with the initial GATHER GO analysis, which 

identified NADPH regeneration and metabolism categories as being significantly 

enriched within the upregulated genes in the predictor. The Jak-STAT signaling pathway 

is activated in response to interferon, interleukins and cytokines and results in the 

transcription of genes responsive to a particular STAT. In fact, the Protein Binding 

function of GATHER identified a significant enrichment of STAT3 binding partners 

within the upregulated set of genes and GSEA analysis reported significant overlap 

between the upregulated genes and gene sets related to IL-6 (interleukin 6), which is an 

activator of STAT3. 

Using the TRANSFAC® function of GATHER, we identified several transcription 

factor binding sites that were significantly enriched in the downregulated subset of genes 

(p-value≤0.003). In particular, 3 of these transcription factors had putative binding sites 
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in almost all of the downregulated genes in the predictor: 1) V$CETS1P54_01: c-Ets-1 

(p54); 2) V$KROX_Q6; and 3) V$E2F_Q6: E2F. This subset of downregulated genes 

also contained 5 genes that overlapped with the peripheral blood signature of bladder 

cancer described by Osman et al. (149) (p-value=0.000228). 

We also compared the predictive models generated from the original experiment 

and the swap experiment based on factor annotation. The top factors in the predictive 

model from the swap experiment consisted of 457 unique Affymetrix probe sets  (Figure 

22 and Supplementary File 28). Of these, 24 overlapped with the original model (115 

probes). These 24 overlapping probe sets, or genes, are implicated in positive regulation 

of the I-kappaB kinase/NF-kappaB cascade, which strengthens the identification of this 

particular pathway in the original predictive model. 
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Figure 22. Inclusion probabilities of factors in the swapped model.  

We generated a collection of 50 factors from the human PBMC training set 
using the methods described previously and used SSS to put these together 
in various combinations to form predictive models (5000 iterations), which 
were validated in an independent sample set. We calculated the top 
performing factors based on their inclusion probability (posterior marginal 
probability) in the top 200 models. These 50 factors are plotted along the x-
axis and the median posterior marginal probabilities are plotted on the y-
axis. The top 5 factors with inclusion probabilities significantly above the 
background noise are 13, 25, 26, 20 and 42. 
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4.4.4 Discussion 

Previous work demonstrates the potential for measuring gene expression within 

peripheral blood as a means of assessing ongoing disease states. This includes the 

development of genomic analyses used to categorize and treat stroke (167, 168), 

elucidation of mechanisms of autoimmune syndromes such as lupus (169) and 

rheumatoid arthritis (68) and, more recently, as a measure of viral infection, with the 

goal of early detection and better management of disease (67). Several studies have 

extended the concept to cancer (70-73, 75, 76, 149). Our approach to developing a 

predictor of human breast cancer makes use of a transgenic mouse model system to first 

identify those genes most relevant to the presence of a tumor. As an experimental 

system, the mouse offers several advantages over human studies. It provides a 

homogeneous genetic background and the ability to control a number of variables, 

including environmental exposures and the presence of co-morbid conditions. Using this 

approach, we were able to identify a robust predictor that was capable of predicting 

tumor status in an independent validation set of mouse peripheral blood samples. We 

also used the gene expression data generated through these mouse experiments as the 

starting point for building a predictor of human breast tumors. This predictor proved to 

be capable of distinguishing breast cancer patients from healthy individuals based on 

transcriptome patterns in the peripheral blood cells with a sensitivity of 89% and 

specificity of 100% in an independent validation cohort. This supports earlier findings by 

other groups (72, 73) who described gene expression profiles capable of accurately 

classifying patient samples based on breast tumor status although it does not overlap 

with their reported signature (with the exception of a single probe identifier, 

221476_s_at, which corresponds to ribosomal protein L15). Notably, our predictor 
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exhibits a greater sensitivity and specificity than those previously reported and is the 

first to successfully use a transgenic mouse model to develop a human cancer biomarker. 

Most importantly, our work represents a conceptual advancement in that we were able to 

link a mouse model of breast cancer with human breast cancer by applying a factor 

modeling approach to peripheral blood gene expression data. This suggests that the 

biological clarity of the mouse model system improves our ability to identify a common 

underlying biological response to the formation of the tumor.  It also provides an 

experimental framework that can be used to pose new questions that cannot be easily 

addressed in human studies.  

While the studies we report here do appear promising, we recognize that these 

represent first steps towards the goal of developing a blood-based predictor of human 

breast cancer. More importantly, we believe the approach described here offers a 

strategy to address important questions in the development of blood-based cancer 

diagnostics that are not easily addressed in human studies alone.  The use of the mouse 

model system allows us to develop predictive models that often cannot be derived 

directly from heterogeneous clinical sample data and could potentially facilitate 

exploration of the presence of a tumor-associated complex biomarker in mice prior to 

evidence of a tumor. This approach could prove to be valuable in other contexts as well. 

A key example can be seen with ovarian cancer where the vast majority of patients are 

diagnosed with stage IV disease. Given that patients diagnosed with such advanced 

disease face a poor prognosis, the development of methods for detection at an early stage 

of the disease process would have a substantial impact on outcome.  

Finally, with the complexity of the analytic process described here, we felt that it 

was essential that all the code and data be made available in a distributed version control 
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repository that is accessible via a web interface and easily provides for online inspection 

and downloading of code and data. This online repository is also of significant utility 

during the development of an analytic process because it affords the freedom to try 

different approaches to a problem with the knowledge that the code is securely versioned 

while providing a means to work collaboratively on a complex project. Ultimately, only 

by building our analysis with this type of infrastructure can we ensure that our work will 

be useful to the scientific community, as others can learn from, experiment with or 

modify our source code. 
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4.5 Characterization of Signature Specificity 

4.5.1 Introduction 

In order to be useful as a clinical tool, a breast tumor predictor would have to 

exhibit a certain level of specificity. The exact level of specificity required may be 

different depending on the application. For instance, if the predictor is used as a 

screening tool, a lower specificity may be acceptable in order to increase sensitivity and 

detect as many true positives as possible. Unfortunately, this would result in a higher 

number of false positives that would have to be ruled out with additional procedures 

such as imaging or biopsy. On the other hand, if the predictor is used as a diagnostic tool, 

it is necessary for it to have a very high degree of specificity in order to provide 

physicians with accurate information on which to base treatment decisions. In this 

scenario, the blood-based biomarker may even used in conjunction with diagnostic 

imaging or a biopsy to increase sensitivity. We have already established that peripheral 

blood gene expression data contain sufficient information to accurately predict the 

presence of a breast tumor. However, it is not clear whether the transcriptional changes 

in the PBCs represent a breast tumor-specific signature or a response to a tumor or 

lesion in general. We hypothesized that the factor modeling approach used in this study 

may be capable of identifying breast tumor-specific factors, and we sought to test this by 

applying our predictive model to samples collected from patients with benign breast 

abnormalities or other types of cancer, such as gastrointestinal and brain cancer. 

4.5.2 Materials and Methods 

In order to explore the specificity of the signature in terms of cancer type, we 

used PBMC samples collected (as previously described) from patients with a variety of 

other cancer types (these included 15 gastrointestinal cancers and 8 brain tumors, 



 

 102 

referred to as “Ectopic”). We isolated RNA, then normalized and analyzed gene 

expression as previously described. It is important to note that these Ectopic samples 

were not used in the factor generation or model building processes. They remained part 

of the validation data set only. We applied the breast cancer predictor to these samples 

as part of the validation set to assess its specificity in terms of cancer type.  

4.5.3 Results 

As shown in Figure 23C, the breast cancer predictor was unable to distinguish 

between samples from patients with benign disease and those with invasive breast 

cancer (AUC = 0.6057). In addition, it did not exhibit specificity in terms of cancer type, 

as shown in Figure 23E  (AUC = 0.5349). The predictor was unable to distinguish 

between breast cancer and the other cancer types represented in our validation data set 

(e.g. gastrointestinal and brain). However when evaluated as a predictor of breast lesions 

(Figure 23D) or cancer (Figure 23F) in general, it performed well. The predictor 

distinguished between controls and all breast lesions with a sensitivity of 94.12% and a 

specificity of 100% (AUC = 0.9835); it was able to distinguish between controls and all 

cancers with a sensitivity of 87.3% and a specificity of 100% (AUC = 0.9633). 
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Figure 23. Specificity of the breast tumor predictor.  

(See opposite page.) A) Predicted probabilities of the training and validation 
data sets (blue = Normal; red = Malignant; pink = Benign; brown = Ectopic). 
B) ROC curve showing the sensitivity and specificity of the predictions of 
Normal and Malignant samples in the validation set. C) ROC curve showing 
the ability of the predictor to distinguish between Malignant and Benign 
samples. D) ROC curve showing the ability of the predictor to distinguish 
between Normal samples and all samples from patients with breast lesions 
(Malignant and Benign). E) ROC curve showing the ability of the predictor to 
distinguish between Malignant and Ectopic samples. F) ROC curve showing 
the ability of the predictor to distinguish between Normal samples and all 
samples from patients with a diagnosis of cancer (Malignant and Ectopic). 
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4.5.4 Discussion 

Although the predictor we describe here is capable of distinguishing breast cancer 

patients from healthy individuals based PBC gene expression patterns, it has proved 

more difficult to develop a predictor that can discriminate between patients with breast 

cancer and benign breast abnormalities or between cancer types.  

We hypothesize that there may be a number of plausible explanations for our 

predictor does not discriminate between breast cancer and other types of lesions, 

including the possibility that these growths all elicit a common transcriptional response 

in the blood cells. This reduced accuracy could also reflect a possible limitation of the 

mouse model used to generate our original list of informative genes. Whereas the 

MMTV/c-MYC mouse model was ideal for generating two extreme phenotypes 

(advanced mammary cancer compared to the complete absence of disease), it did not 

allow us to model benign conditions (e.g., cysts or fibroadenomas) or other tumor types. 

Therefore, future studies should include a wide variety of mouse tumor models and 

models of benign or “premalignant” lesions, allowing us to capture the full heterogeneity 

of PBC gene expression and identify those transcript that are most relevant to a specific 

cancer phenotype. These data could then serve as the starting point to generate factor 

models in a variety of human cancers. This would require that future studies include 

clinical samples from many cancer types. These could be used in generating a 

comprehensive catalogue of factors that reflect the overlapping and unique pathways and 

genes involved in various cancer types and would allow us to potentially generate cancer-

specific predictors. The ability to not only detect cancer, but to also diagnose cancer type 

based on a peripheral blood sample seems like an idea from science fiction. However, the 

many examples of blood-based cancer biomarkers discussed here indicate that may not 
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be so far-fetched. Already, it is possible to distinguish patients with a variety of solid 

tumors from cancer-free individuals. The next steps will require large collaborative 

efforts to define blood-based biomarkers for specific cancer types and the ability to share 

and merge huge datasets.  

To begin to address the question of tumor-type specificity, we have initiated a 

study in conjunction with Dr. John Sampson to collect peripheral blood leukocytes from 

patients with brain cancer as well as from individuals undergoing microvascular surgery 

of the brain for benign conditions. These samples can be used in conjunction with animal 

models of brain cancer to generate a brain tumor predictor similar to that described here 

for breast cancer. In addition these samples will serve as an independent sample set in 

which we can validate our breast tumor predictor’s specificity and vice versa. The 

methodology presented here and the infrastructure used to manage and analyze our data 

make this type of collaborative effort possible.   
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5. Conclusions 

This thesis describes peripheral blood gene expression signatures of Pb exposure 

and breast cancer. First, we describe robust and dose-specific signatures of Pb exposure 

in a mouse model. We also use experimentally defined pathway signatures to confirm the 

dose-specific activation of two pathways previously reported in the literature to respond 

to Pb exposure. Our results also indicate the ability to detect gene expression changes in 

the blood at low levels of exposure. These findings will have an important impact on the 

detection of subclinical Pb exposure, and improve the understanding of the health 

consequences of low-level exposure. Furthermore, our strategy represents an 

opportunity and a framework for applying a collection of experimentally derived 

pathway signatures to toxicogenomic studies as a type of phenotypic anchor. Second, we 

describe a peripheral blood gene expression signature of human breast tumors. This 

signature was generated using a well-defined transgenic mammary tumor model as the 

starting point for identifying gene expression changes associated with the presence of a 

tumor. This signature accurately predicts the presence of breast tumors in human 

samples and shows some promise of being used to detect tumors in their early stages in a 

mouse model. The signature reported here is significant within the field in two ways: 

first, it has demonstrated higher sensitivity and specificity than previously reported 

breast cancer signatures; second, it serves as a proof-of-concept for using mouse models 

of human cancer in the identification of potential clinical biomarkers. These two projects 

are connected by more than simply methodology and approach. They are united by the 

concept of the PBC as an indicator of human disease and toxicant exposure. In each 

project, our goal has been to combine global gene expression profiling with clearly 

defined experimental systems as a way to link complex phenotypes, such as human 
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cancer and toxicant exposure, to a molecular phenotype of the PBC response. The major 

challenges in this approach revolve around questions of sensitivity and specificity. The 

ability to detect disease and toxicant exposure at levels that are amenable to treatment or 

intervention represent an opportunity to successfully treat existing conditions and 

prevent future health problems. This will require fine mapping of gene expression 

patterns to very subtle phenotypes. Likewise, the ability to successfully diagnose a 

disease or exposure based on the PBC transcriptome, which is capable of responding to a 

huge variety of environmental and pathological insults, will require researchers to parse 

out those responses that are specific to a particular phenotype of interest. This will 

demand an extensive database of gene expression signatures reflecting the many 

biological and chemical perturbations that affect the blood.  

We believe that the approaches described here represent an experimental 

framework for understanding the complexity of peripheral blood gene expression data by 

first defining the phenotype of interest in a controlled experimental system that can be 

used to better understand the heterogeneity of the peripheral blood cell response to 

human disease and environmental exposure. 

 

6. Perspectives 

We are in the early days of personalized medicine. At this time the promise and 

hype often seem to outweigh actual results and clinical applications. However, there are 

potential success stories in the fields of both cancer genomics and toxicogenomics as 

researchers thoughtfully and creatively go about the painstaking process of 

understanding human health and disease at the genomic level. It is now possible to 

envision the world that Garrod describes in which we understand those factors that 
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contribute to our “predisposition to and immunity from disease.” There is no doubt that 

these factors include not only our genetic makeup, but also the environment in which we 

live. It is truly this gene-environment interaction that poses the next great obstacle to 

medical and scientific advancement. Although the projects described in this thesis do not 

go so far as to elucidate the connection between environmental exposure and cancer, 

they highlight the approaches and methodologies that will be required to do so.  

Genomics provides a common language that can be used by researchers across 

disciplines to discover overlapping biological mechanisms at work in disease, drug 

response and toxicant exposure. Canonical cell signaling pathways will have to be 

reconsidered as we discover their roles in new processes and pathologies. Gene 

annotations will have to be rewritten to accommodate new knowledge about their 

functions in normal and diseased cells. To reach the next phase of personalized 

medicine, scientists and physicians must begin now by building the infrastructure to 

collect, annotate and process samples, as well as store, analyze and distribute the 

overwhelming amount of data generated from such studies. The very nature of this 

enterprise must be collaborative and open-source to enable participation of researchers 

worldwide. This endeavor will also require a new training paradigm in undergraduate 

and graduate education. Scientists who hope to be successful in this environment will 

have to have experience in computational biology and bioinformatics in order to make 

the most of their data. 

This project does not represent a definitive treatise on peripheral blood gene 

expression profiles of disease and environmental exposure. Rather, it represents the 

integration of several important tools available to scientists at this time: traditional tools, 

such as cell culture systems or animal models that aid us in creating clearly defined 
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phenotypes; genomic tools used to query DNA, RNA, proteins and metabolites at the 

genome level; and bioinformatics tools that provide a way to find meaningful patterns in 

this deluge of data, thus creating a new way of understanding human health and disease. 
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