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Abstract

The practice of tumor diagnosis depends largely on visual interpretation of gross

pathological and histological specimens together with limited biochemical data.  These

visual features, as well as immunohistochemical staining patterns, are reflective of the genes

expressed within the tumor cell.  By measuring gene expression directly, there is the

potential for refining the diagnosis and classification of neoplastic tissues based on

thousands of parameters where previously only a few existed.  To do this, we have

developed Bayesian statistical regression models that provide predictive capability based on

gene expression data derived from DNA microarray analysis of a series of primary breast

cancer samples.  These patterns have the capacity to discriminate breast tumors on the basis

of estrogen receptor (ER) status, and also on the basic categorized lymph node status. Most

importantly, we assess the utility and validity of such models in predicting status of tumors

in cross−validation determinations. The practical value of such approaches relies critically

on the ability to not only assess relative probabilities of clinical outcomes for future

samples, but also to provide an honest assessment of the uncertainties associated with such

predictive classifications based on the selection of gene subsets for each validation analysis.

This latter point is of critical importance in the ability to apply these methodologies to

actual tumor diagnosis.

2



Introduction

The delineation of phenotypes in biological systems is critical to the understanding

of diverse phenomena including the development of human disease.  For example, the

understanding of human cancer depends heavily on the recognition of characteristics of

tumor cells, including the phenotypic characterization of the development of tumors from

the initial stages of the disease to the advanced, aggressive forms.  In many instances,

however, the currently used methods for phenotypic characterization are limited and do not

have the ability to discern subtle differences that may be of importance to developing a

better understanding of the tumor and the development of therapeutic strategies for the

treatment of the disease.  Breast cancer provides an example where further molecular

characterization is needed to improve diagnosis and therapeutic strategies.  Numerous

studies have correlated genetic alterations with clinical outcome including a strong

correlation between amplification of the ERBB2 receptor gene (Her−2) and poor clinical

outcome 1,2. In addition, overexpression of erbB−2 is a strong predictor of response to

adriamycin based therapy 3.  Nevertheless, such correlations are limited in number and often

do not adequately define tumor subtypes.

The inability to define a subclass of tumor type that may be refractory to standard

therapies restricts the development of new therapeutic strategies that may be more

successful in these cases.  Access to complex gene expression information generated by

DNA microarray analysis provides the potential for the identification of molecular

phenotypes of tumors that can be correlated with the clinical outcome of the therapy.

Although the analysis of gene expression does not directly measure the genetic alterations

known to define cancer cells, it certainly does represent an indirect measure of these

alterations since, in most instances, the genetic alterations affect gene regulatory pathways.
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Given the tremendous complexity that can be scored by measuring gene expression with

DNA microarrays, together with the absence of bias in assumptions as to what type of

pathway might be affected in a particular tumor, the analysis of gene expression profiles

offers the prospect of creating much more precise determinations of tumor cell phenotypes.

Indeed, several reports have described the use of DNA microarrays to define gene

expression patterns that characterize human tumors 4−6, including for the purpose of

identifying distinct classes of tumors that might aid in clinical decisions and treatment

strategies 7−10.  

We have used DNA microarray expression data from a series of primary breast

cancer samples to discriminate and predict the estrogen receptor status of these tumors as

well as the lymph node status of the patient at the time the tumor was surgically removed.

In both cases, statistical methodologies have revealed patterns that can usefully discriminate

clinical status, and identify clusters of genes that underlie the discrimination. Much more

importantly, the methods have been tested in out−of−sample predictions of clinical status to

assess the potential utility of such information in therapeutic decision−making.  Our analysis

of ER status illustrates high predictive accuracy in such out−of−sample validation studies,

and the analysis of nodal status further illustrates both discrimination and prediction, now in

a context where the inherent  heterogeneity is much more substantial.  The latter analysis

also emphasizes the need for honest assessment of uncertainties about out−of−sample

predictions.   As such, this work goes well beyond analyses that simply attempt to organize

expression data into two groups without formal, quantitative assessment of the relevance of

the discrimination in an out−of−sample, case−by−case predictive context, together with

associated assessments of uncertainties about the predictions. Further, we emphasize that the

practice of screening to select discriminatory subsets of genes that are then used for within−
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sample cross−validation studies is inherently flawed since it leads to overly confident

conclusions about the extent of accuracy of discrimination in a true predictive  context, and

will generally prove to be less reliable in future classification of new cases than expected, as

a result. Screening for gene subsets is indeed critical, but simply must be couched in a

predictive context to have practical validity. Our analyses of both ER and nodal status

outcomes exemplify this point quite clearly.  

We discuss and exemplify these concepts in both ER and nodal status studies, where

we have identified subsets of discriminatory genes and elucidated the honest uncertainties

about predictive validity that are due to inherent heterogeneity in expression patterns of

tumors relative to these clinical outcome categories. We also question, again with 

examples, the current practice of others in selecting discriminatory subsets of genes based

on tumor samples that are then used for cross−validation studies, but without repeating the

gene subset selection procedure for each cross−validation analysis. Finally, we describe the

utility of our analysis approach in aiding the identification of specific transcripts that

contribute most significantly to a classification, facilitating correlation of underlying

biology to a clinical phenotype.
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Results

Measurement of gene expression in primary breast cancer

Our purpose in these studies is to develop methodologies that permit the

classification of breast cancer subtypes that relate to clinical phenotypes, including response

to therapy, and to use these classifications to predict status of an unknown tumor sample.

We chose tumor samples from the Duke Breast Cancer SPORE tissue resource that contains

frozen breast tumor specimens together with all pertinent clinical and pathologic

information.  The collection of samples includes mostly Stage II cancers and above (Table

1).  All cancer samples have the same histology (invasive ductal carcinoma) and each is

between 1.5 and 5 cm in their largest dimension. The tumor samples were chosen to include

roughly an equal representation of hormone receptor−positive versus hormone receptor−

negative cancers.  All tissues were screened for tumor content and cases that contained less

than 60% tumor cells were excluded.  We have chosen to analyze the bulk tumor samples

without attempt to separate tumor cells from other contributing cell types. We reasoned that

even with the heterogeneity of solid tumors such as breast cancer, it would still be possible

to identify gene expression patterns even if the overall magnitude of expression varied

between samples.  

RNA was prepared from each of the frozen tumor samples and utilized for

hybridization to high density oligonucleotide DNA microarrays. We made use of

Affymetrix GeneChip DNA arrays containing approximately 7100 human gene sequences

and ESTs.  RNA from each of the samples was converted to target following established

procedures as described in Methods and then used to hybridize to the GeneChip arrays.  The

hybridized chips were then processed and analyzed as described in Methods.  For the

purpose of this study, we have taken a modified version of the Affymetrix average
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difference (AD) as a summary measure of expression. Further analyses using both this and

the Affymetrix average log ratio measure together in our statistical model provide similar

results. The Affymetrix GeneChip software computes the summary AD measure for each

gene; our analysis as reported here utilizes the transformed value log2(max(1, AD));  i.e.,

adopting a log scale and truncated so that genes estimated as unexpressed by AD are set at

zero in the data for analysis. Affymetrix control sequences were removed prior to analysis.

Classification of tumor samples based on ER status

As an initial step in the development of methodologies for tumor diagnosis by gene

expression profiling, we analyzed the series of primary breast cancer samples to evaluate the

ER status.  Our approach develops probit regression models that predict outcome status as a

binary indicator.  For any tumor, write p(x) for the probability of ER+ versus ER− status

conditional on the vector x of measured expression levels for all genes on the array. A

standard probit regression sets p(x)=F(b’x) where F is the standard normal distribution

function of the linear function of the elements of x, namely b’x where b is a regression

coefficient column vector and b’ is its row vector transpose. The standard computational

machinery of Bayesian statistical modeling allows, in principle, for model fitting to

observed data −− a set of observed expression profiles and the corresponding ER status −−

and for out−of−sample validation based on predicting the values of p(x) for new tumors not

used in the model fitting. The critical issue addressed in this work is that the number of

regression parameters in b −− one per gene −− is very much larger than the number of

available microarray samples − typically several tens or low hundreds at the very best.

Hence there is an implicit need for massive dimension reduction, but with concern that

gene−specific information be recovered from the analysis. 
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Singular−value decomposition (SVD) analysis of expression array data sets is

extremely valuable in exploratory analysis 11 as well as a key element of our formal

statistical models. Write X for the matrix whose columns are the vectors x of expression for

all arrays, including cases to be predicted for validation as well as cases to be used in model

fitting. The SVD maps expression levels in X to a smaller matrix F whose columns f are

values of singular factors. With a total of n arrays there are at most n such factors. These

"supergene" factors underlie expression patterns in that the level of expression of each gene

is a linear combination of the values of the supergene factors; each gene has a "weight" on

each factor in this linear combination. The regression probability p(x)=F(b’x) for an array

has the equivalent form F(g’f) where f is the vector of supergene factors for that array, and

g is a regression coefficient vector. With n expression arrays to be analyzed or predicted, f

has only n elements, so represents a massive reduction in dimension from the several

thousands in x, and our Bayesian analysis methods 12  provide for model fitting and

prediction. Most importantly, our theory shows that the Bayesian SVD regression

framework allows direct inversion to infer the parameters b from g. This is critical as it

provides inferences about which genes are important in defining p(x), and how subsets of

genes interact.

The initial analysis involved a set of 49 tumors, each classified as either ER+ or ER−

based on immunohistochemistry (IHC) at the time of diagnosis.  These samples were made

available sequentially; we received a first set of 43, followed by the second set of 6. To

explore out−of−sample predictive validity of the statistical model, we treated the second set

of 6 tumors as a validation sample, i.e., ’new’ cases to be predicted. Of the 43 training

cases, two  cases have expression array images at generally very low levels of intensity,

reflecting problems in hybridization, and were removed from the study, leaving 41 training
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cases. Our initial statistical analysis raised questions about the original ER classification of a

few tumors, so the full set of tissues was subjected to a protein immunoblotting assay for

estrogen receptor. The immunoblotting test results conflict with the initial classification in 3

of the training cases and 2 of the 6 validation cases. As a result, these 3 training tumors  are

treated as of unknown ER status, and are combined with the 6 validation cases to be

predicted, assuming that the agreement of the two biological methods of ER status

assessment implies a certain determination. Hence, the validation sample has a total of 9

tumors, and of the 38 training cases we have 18 ER+ and 20 ER− as determined by

immunohistochemistry. 

Using the ER outcomes of only the 38 training arrays, we first implemented a simple

screen to identify the 100 genes maximally correlated with outcome.  This screening

strategy aims to reduce noise contributed by irrelevant or unexpressed genes by an initial

selection process, and the choice of  the number 100 was determined by repeat

experimentation.  This screen computed sample correlation coefficients between genes and

ER+/ER− binary outcomes, and selected those genes giving the 100 largest absolute values

of this correlation. The binary regression model was then fitted to this set of 100 selected

genes, using the  resulting SVD factors based on these 100 genes.  Figure 1A shows that two

of the implied supergene factors in the vector f together provide a good discrimination

between the ER+ and ER− cases.  That this discrimination is related to many genes, not just

a few of the 100, is clear from an examination of inferences on the b vector, indicating

many significant values (not illustrated here). 

Figure 1B depicts the estimates of classification probabilities p(x) together with

associated 90% probability intervals illustrating the degree of uncertainty.  This figure must

be interpreted carefully since it shows fitted classification probabilities for each of the 38
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training cases, but does not predict the probability of a sample fitting into a classification.

This analysis does provide a useful visual assessment of how clearly the samples are

discriminated.  

The ’top 100’ genes can be ordered by the magnitude of the estimated b vector to

provide one initial set of genes ordered by just how much they contribute to this

discrimination analysis of the training data. The genes that contribute to the scoring are

listed in Table 2 along with the estimate regression parameters for the top 100 genes in this

discrimination. In addition, the expression levels of the genes is depicted in Figure 2,

ordered as a function of estimated regression coefficients.  The group of genes includes

many that directly or indirectly function in the estrogen receptor pathway, including the

estrogen receptor gene itself as well as a number of known targets for ER.  Perhaps more

importantly, the group also includes genes that are not regulated by ER but instead are

known to function in concert with ER such as HNF3α and androgen receptor, suggesting

that the discrimination is not just similar expression patterns but also functional

relationships. In addition, it is also clear that some of the genes that make significant

contributions to the discrimination do so inversely with ER+ status (exhibit a negative

regression value); many of these encode proteins that are in fact know to have inverse

relationships with ER function.  For instance, the expression of maspin and GST−Pi are

inversely related to ER status.  Interestingly, maspin has also been shown to be induced by

the estrogen antagonist tamoxifen.  

Figure 3 illustrates the formal and honest predictive view, and the real accuracy of

the statistical methods developed here, in the predictions for the 9 cases in the validation

sample based on the factor score derived from the analysis of expression of the 100 genes.

Some of these cases are evidently quite surely predicted as of either ER+ or ER− status, but
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those in the central region are uncertain, and the probability intervals reflect this

uncertainty. Tumor samples 45 and 46 were initially determined to be ER− at the time of

diagnosis by immunohistochemistry; subsequent analysis by immunoblotting indicates an

ER+ status.  This change in ER status could reflect an initial borderline reading at the time

of diagnosis that was more clearly positive by immunoblot assay or it could reflect tumor

heterogeneity that influenced the assay based on sampling differences.  On the basis of the

statistical analysis and prediction, it is clear that the expression profiles are much more

consistent with the immunoblotting results.  Tumor samples 14, 31, and 33 were initially

determined to be ER+ by immunohistochemistry but subsequent analysis by

immunoblotting indicates an ER− status.  Again, this difference could reflect tumor

heterogeneity.  In these cases, the statistical analysis indicates an expression profile

consistent with the initial determination of a positive ER status for tumor 31, and the

subsequent immunoblotting result of negative ER status for tumor 33; for tumor 14, the

expression profile yields an uncertain prediction.  

Cross validation analysis of ER status

Figure 4A depicts the results of an initial cross−validation analysis. Using the set of

100 genes selected from the full training sample study, the regression model was repeatedly

refitted to the training data, each time removing the ER status of one of the tumors and then

estimating the classification probability for that tumor.  The figure displays estimates of

classification probabilities p(x) together with associated 90% probability intervals

illustrating the degree of uncertainty, and provides a useful visual assessment of how clearly

the samples are discriminated, together with an indication of uncertainties in the

discrimination. Some of the uncertainty comes from the small sample of tumors, but much
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arises as a result of the heterogeneity in the expression data with respect to the ER

classification. This is a standard, ’one−at−a−time’ cross−validation prediction analysis; the

status of each tumor in the training sample is predicted based on the remaining training

cases. Quite critically, these analyses are each based on the pre−screened subset of 100

genes that are most discriminatory for the full training sample. We note, and stress, that this

parallels precisely the format of analysis adopted by other recent studies in the use of an

overall initial screen to select a small subset of genes (though, of course, our statistical

modeling framework is quite different and novel). 

Honest prediction of ER status in the cross validation analysis

The discriminatory classification of the tumor samples as achieved in Figure 1, 3,

and 4A, as in similar recent studies, is useful. However, the major practical interest and

potential clinical value of such statistical analyses lies in the ability to predict the status of

new cases based on a gene expression profile; that is, to provide a rational, theoretically

well−founded estimate of the probability of ER status for any new case, and accompanied

by a truly honest assessment of uncertainty. Such uncertainties may be high due to limited

information and population heterogeneity, and it is critical that this uncertainty be reported

and communicated to clinical researchers and clinicians along with point estimates of

outcome probabilities. Statistical analysis must address the need for such an honest

assessment head−on. 

With this goal, it is quite clear that the accuracy in discrimination apparent in Figure

4A is illusory from a predictive viewpoint. The pre−screening strategy underlying that

figure biases the analysis towards a clearer discrimination, and is simply not a reliable

indicator of how the analysis will perform in real application. For a true, honest predictive
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analysis and assessment, the screening to select a subset of 100 genes must be performed

repeatedly: removing a tumor from the training set to predict it based on the rest, we must

then screen to a reduced subset of 100 most predictive genes by applying the screening

criterion (here, simple correlation with ER status) to only the remaining training samples,

NOT including the one held out. This honest analysis mirrors the real−life circumstances

that will be faced in using such models and methods to predict future outcomes. In the

cross−validation study, holding out each of the 38 training tumors one at a time then leads

to a set of 38 different samples of 100 screened genes, one for each case. Certainly these

sets of genes are highly overlapping, containing many genes in common, but also showing

some variety as we move between hold−out cases. This variation in screened subsets reflects

sample variability and inherent  heterogeneity in expression profiles of breast tumors, and is,

in contrast, inappropriately ignored by the earlier analysis using a single, overall screen as is

common in the literature. 

Figure 4B illustrates the cross−validatory predictions resulting from this formal and

honest predictive analysis. Note that the uncertainty intervals tend to be fairly wide for

tumors whose predicted probabilities are in the central region, nearer 0.5 than 0 or 1. This

reflects  the ambiguity discovered in the expression profiles of these cases relative to the

100 genes found to be most discriminatory among the other 37 cases. These ’uncertain’

cases are of obvious special interest for further study. Note also the case of tumor 16; in this

predictive sense, its expression profile is more in accord with those of the ER+ cases than

with those sharing its designated ER− status. This case has a low level of expression of the

estrogen receptor gene, based on the microarray data, consistent with its ER− determination,

but with relatively elevated levels of other genes in the top group, such as a marginally

elevated level of pS2.  The two additional highly uncertain cases, numbered 40 and 43,
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share similar expression characteristics to tumor 16, exhibiting elevated levels of several

known estrogen−regulated genes.  In some cases, the discrepancy in clinical classification

versus molecular classification is evident from the expression data.  For instance, tumors 7

and 8, for which the hybridization levels are low and problematic, exhibit a generally

reduced level of all genes in the group (Figure 2).  The ER− cases 16, 40, and 43, that are

most borderline in the discrimination, also exhibit patterns that lie somewhere between the

ER+ and ER−, as does the ER+ case of tumor 11.  Tumor 31, whose laboratory ER status

determinations were conflicting, clearly exhibits a pattern consistent with an ER+ state.

With these exceptions, the predictive accuracy of the analysis is very high.  In

particular, it is important to recognize that in this analysis of 38 tumors, 34 are predicted

accurately with a high degree of confidence.  Thus, not only do these expression patterns

derived from regression analysis have the capacity to classify on the basis of ER status, they

have an ability to predict ER status of unknown samples, demonstrating the validity of the

link between expression and clinical phenotype. Note further, to reaffirm the earlier

discussion, the clear differences between this display and that of Figure 1B, and the extent

to which the clean classification in Figure 4A is shown to be less reliable than is suggested

when compared with the more relevant and appropriate results in Figure 4B. In particular,

the latter highlights the increased uncertainties about cases 16, 40, 43 in the middle ground.

Classification of breast cancer based on lymph node status

The analysis of ER status through gene expression measures demonstrates the power

to predict status of samples with associated assessments of uncertainty about the predictions.

To extend this analysis to a practical and clinically relevant example, we have explored  the

methodology in analysis of the reported lymph node status of the same set of tumors.  The
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determination of the extent of lymph node involvement in primary breast cancer is the

single most important risk factor in disease outcome 13.  The potential power in making this

determination at the primary cancer is significant in those instances where a positive lymph

node might be missed or where a tumor is poised to metastasize to the lymph node but has

not yet done so.  

Analysis of the nodal status of this set of breast tumors forms an initial study in

comparison of primary cancers that have not spread beyond the breast to ones that had

metastasized to the axillary lymph nodes at the time of diagnosis.  In the total of 47 training

cases (ignoring the 2 of the initial 49 that had very low hybridization levels) we identified

tumors as "reported negative" for cases where no positive lymph nodes were discovered, and

"reported positive" for tumors having at least 3 identifiably positive nodes. The 13 cases

with only 1 or 2 positive nodes were treated as uncertain, comprising validation samples to

be predicted from analysis of the remaining 34 training cases. Of these 34, 12 are in the

"reported positive" (1) class, and 22 in the "reported negative’ (0) class. Gene expression

measurements were analyzed using the combined SVD and regression approach, as in the

ER study. 

Figure 5A shows that the analysis generates a factor structure  underlying the

discrimination  according to reported lymph node status.   The fitted probabilities from the

binary regression model analysis, together with estimated uncertainties, are shown in Figure

5B. This analysis again provides a good classification based on lymph node status, quite

comparable to that for the ER discrimination.  

Table 3 provides a list of the 100 genes with highest estimated regression

coefficients in this discrimination, and Figure 6 depicts the expression levels of these genes

grouped according to lymph node status.  It is clear that the reported node negatives and
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positives share gene expression patterns beyond those that directly relate to reported nodal

status, and that variation in expression patterns as we move across tumors is high; these two

facts together undoubtedbly obscure the subtler patterns that relate to reported nodal status.

Figure 7 provides the display of predictions for the 13 validation cases having just

one or two reported positive nodes. Here the predictions vary widely. Three cases have

probabilities likely below 0.1, indicating that their expression profiles are more consistent

with the reported negatives in the training set than they are with the reported positives. A

few cases are clustered around 0.5 with wide intervals, indicating the high uncertainty about

true status; their expression profiles are as similar to those of the reported negatives in the

training set as they are to the positives. This  reflects a high degree of inherent heterogeneity

of profiles, and may also be an indication of subclustering;  we are placing tumors into one

of two classes, whereas some may simply look different to representatives of each class.

Finally, five cases have high probabilities of true positive status, consistent with their

reported status. This analysis has, in effect, provided a refined clustering of these validation

cases into these three groups based on the formal,  out−of−sample predictive analysis.

Cross validation and honest predictions for lymph node status

The cross−validation probabilities from the binary regression model analysis,

together with estimated uncertainties, are shown in Figure 8A. As in the ER study, this

predictive analysis uses the overall screened subset of 100 genes most correlated with nodal

status in the training sample, and so is mainly of interest to demonstrate the very clear

discriminatory ability of this subset of genes, and hence underscore the potential for

underlying biological interpretation. This analysis again provides a good classification based

on lymph node status, quite comparable to that for the ER discrimination. 
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Figure 8B illustrates the more appropriate cross−validation analysis that adopts a

screen to select potentially different genes for each hold−out case, repeating the gene

selection process and model fitting with each tumor removed from the sample for analysis

and then predicted based on the rest. This should be compared to the "gold standard" of

Figure xx. The screened subsets of 100 most discriminatory genes vary more widely than

that seen in the ER analysis as we move across tumors, again reflecting higher levels of

natural variation in gene expression patterns with respect to nodal status. The resulting

graph shows high uncertainties in  some predictions, in terms of wide intervals around the

estimated probabilities.  All of the reportedly positive cases have estimated probabilities

appropriately above 0.5, though some are close to that boundary with moderate uncertainty.

Perhaps most interesting are the few reportedly negative cases whose predicted probabilities

slightly exceed 0.5.  Cases like this are of paramount interest, since identifying genomic

predictors of the progression from node negative to positive is a major goal from the

viewpoint of potential therapeutic implications.  These cases could, in principle, represent

tumors that have metasized but were missed in the nodal determination; or, these could be

cases that have not yet metasized but are poised to do so.

This analysis of nodal status provides a very clear illustration of the importance of

the use of out−of−sample prediction in gauging the validity of the classification.  Whereas

gene expression profiles can provide a very clean separation based on nodal status, as

illustrated in Figure 8A, the validation measurements clearly reveal the uncertainty in these

predictions, likely due to heterogeneity in the profiles and the clinical phenotypes, and stress

the importance of the validation studies to verify the signicance of the classification.

Nevertheless, it remains true that the analysis does identify patterns that have predictive

capability.  In this example of 38 tumors, 10 were accurately predicted as node negative and
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7 as node positive.  Of the remaining 17 tumors, 10 are predicted appropriately but with

considerable uncertainty.  Clearly, it is the analysis of those tumors in the uncertain region

that must be the focus of further studies.
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Discussion

Recent studies of breast cancer 10, leukemia 7, and lymphoma 8 have shown that the

analysis of patterns of gene expression has the capacity to classify tumors as well as to

define tumor sub−types.  The analyses presented here further demonstrate that clinically−

relevant phenotypes can be determined for primary breast tumor samples through the

analysis of gene expression. We go further in developing analyses that possess predictive

power in a formal probabilistic sense, allowing new clinical samples of unknown status to

be evaluated in a formal probabilistic framework. Such predictive capability brings gene

expression analysis a real world clinical applicability, facilitating the use of complex gene

expression patterns as discrete prognostic or predictive factors. Similar studies have utilized

gene expression profiles in out−of−sample cross validation studies to demonstrate the

validity of their classification for leukemia and breast cancer studies 7,14. However, we have

point out through the examples of ER and nodal status, the fundamental need to select

smaller subsets of genes with value in predictive discrimination must be recognized in such

cross−validation studies.  The approach that uses an initial, overall screen to select one

single subset of genes based on all the training data will lead to illusions of greater

predictive accuracy and validity than will be experienced in practice. 

Our study develops gene expression analysis in a context exhibiting a considerable

degree of biological heterogeneity, much greater than that encountered in the study of

AML/ALL  leukemia samples, for example, and that involve and address quite subtle

aspects of tumor phenotype. Importantly, our methods not only validate classifications with

out−of−sample cross validation methods, but also provide appropriate and adequate

assessments of the inherent uncertainties found with such predictions. The predictive or

prognostic capacity demonstrated here is particularly relevant because clinical decision−
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making depends on a rational, theoretically well−founded model for assessing clinical data

from new patients. Because prognostic and predictive factors are couched in probabilistic

language, clinicians can make judgments based on unbiased assessments of the uncertainties

in a classification.

Although it is relatively straightforward to assay ER status by

immunohistochemistry, and we have viewed the ER determination as a test case, it

nevertheless is true that the discrimination using gene expression profiles has potential

practical clinical value.  For instance, the assay of ER status by immunohistochemistry is

not perfect and can produce erroneous results.  In addition, such assays would not score

alterations that disable the ER pathway.  Thus, if the clinically significant determination is

the status of the pathway, not just the status of ER itself, then measurements of gene

expression profiles that reflect activity of the pathway could provide an important advance

in understanding the behavior of breast cancers. Moreover, the finding that the group of

genes that contribute most weight to the discrimination include not only ER and ER

pathway genes but also genes that encode proteins that synergize with ER, such as HNF3α

and androgen receptor, points to the potential power of the analysis in identifying

functionally significant relationships.

The presence of metastatic breast cancer in axillary lymph nodes is the most

significant factor in overall survival 13.  Although the determination of lymph node status is

relatively routine, it is true that selectivity in the process of identifying nodes for

examination induces biases that suggest some reported negatives may indeed be truly

positive 15,16.  Perhaps of more significance is the patient with truly negative lymph nodes

but with a primary tumor that is poised to metastasize.  Although more data is needed to

determine the precision of the predictive capability for lymph node status, it is possible that
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a gene expression profile could predict metastatic potential even in the clear absence of

reportedly positive lymph nodes.  That is, the analysis would predict the imminent potential

of the behavior of the tumor and thus allow more aggressive and appropriate therapy to be

instituted. Our analysis explicitly identifies cases  that are reportedly node negative but

whose gene expression patterns share much in common with node positives, and which

therefore suggest that this objective may indeed be achievable. In parallel, we encounter the

reciprocal situation − cases with just one or two nodes reported positive but whose

expression patterns share higher similarity to those of true node negatives than true node

positives in the sample. These cases are almost equally important and potentially

informative about expression patterns that characterize the early or initial stages of

metastasis.

Finally, the derivation of discriminating factors, that are based on the expression of

genes in the samples, not only provides the potential for diagnostic discrimination but also

provides information about the nature of the gene expression patterns that define the

differences in the samples.  As seen in the ER discrimination, this includes genes known to

lie in the ER pathway as well as genes that may function together with ER.  As such, one

could view these discriminating patterns to reflect not just co−regulated genes but also genes

functioning coordinately in a pathway.  Although the nature of the genes providing

discrimination in lymph node status is more difficult to interpret, there are several genes in

the top 100 that are known to influence metastasis.  For instance, previous work has

implicated PAF in lymph node metastasis 17,18, Maspin as a suppressor of tumor growth and

metastasis 19−22, and S100A1 in modulating metastatic potential 23.  One would hope that as

the process of gene annotation goes forward, particularly with respect to function, it will be

possible to not only use these analyses for discrimination but also for developing an
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understanding of the pathways that define the difference between tumors in a clinically

meaningful way.
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Experimental Procedures

Breast tumor samples.  Primary breast tumors from the Duke Breast Cancer SPORE

frozen tissue bank were selected for this study on the basis of several criteria.  Tumors were

either positive for both the estrogen and progesterone receptors or negative for both

receptors.  Each tumor was diagnosed as invasive ductal carcinoma and was between 1.5

and 5 cm in maximal dimension.  Each case had a diagnostic axillary lymph node dissection

performed.  Each potential tumor was examined by H&E staining and only those that were

>60% tumor (on a per cell basis), with few infiltrating lymphocytes or necrotic tissue, were

carried on for RNA extraction.  The final collection of tumors consisted of 13 ER+ LN+

tumors, 12 ER− LN+ tumors, 12 ER+ LN− tumors, and 12 ER− LN− tumors (see Table 1).

RNA preparation. Approximately 30 mg of frozen breast tumor tissue was added to a

chilled BioPulverizer H tube (Bio101).  Lysis buffer from the Qiagen RNeasy Mini kit was

added and the tissue was homogenized for 20 seconds in a Mini−Beadbeater (Biospec

Products).  Tubes were spun briefly to pellet the garnet mixture and reduce foam.  The

lysate was transferred to a new 1.5 ml tube using a syringe and 21 ga. needle, followed by

passage through the needle 10 times to shear genomic DNA.  Total RNA was extracted

using the Qiagen RNeasy Mini kit.  Two extractions were performed for each tumor and the

total RNA was pooled at the end of the RNeasy protocol, followed by a precipitation step to

reduce volume.  Quality of the RNA was checked by visualization of the 28S:18S ribosomal

RNA ratio on a 1% agarose gel.  Concentration of total RNA was determined by

spectrophotometry.
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Affymetrix GeneChip analysis.  The targets for Affymetrix DNA microarray analysis were

prepared according to the manufacturers instructions. All assays used the human HuGeneFL

GeneChip microarray.  Arrays were hybridized with the targets at 45O C for 16 hr and then

washed and stained using the GeneChip Fluidics station according to the manufacturers

instructions. DNA chips were scanned with the GeneChip scanner and signals obtained by the

scanning were processed by GeneChip Expression Analysis algorithm (version 3.2)

(Affymetrix).

Statistical methods.  Our analysis uses standard binary regression models combined with

singular factor decompositions (SVDs) and with stochastic regularization using Bayesian

analysis.  In the ER status study as an example, probit regression models  have  p(x) for the

probability of ER+ versus ER− status conditional on the vector x of measured expression

levels for all genes on the array. A standard probit regression sets p(x)=F(b’x) where F is

the standard normal distribution function of the linear function of the elements of x, namely

b’x where b is a regression coefficient column vector and b’ is its row vector transpose. A

singular factor decomposition of the matrix of expression vectors maps this to the equivalent

form F(g’f) where f is the vector of supergene factors for that array, and g is a regression

coefficient vector.  Standard Bayesian analysis methods 24,25 provide for model fitting and

prediction, and we use standard prior distributions for g that induce an unbiased analysis

which providing stochastic regularization to overcome the inherent instabilities in the

resulting likelihood function in this model with n binary observations and n predictors

(independent variables) in f.  Some elements of g are set to zero to remove factors with low

levels of variation, representing only irrelevant noise in the expression data; analysis

reported selects five non−zero elements. For these, prior distributions on elements of g are
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independent Student T distributions with 2 degrees of freedom, centered at zero, so

represent very vague priors and an unbiased initial position with respect to what they predict

about classification probabilities.  Most importantly, our theory shows that the Bayesian

SVD regression framework allows direct inversion to infer the parameters b from g. This is

critical as it provides inferences about which genes are important in defining p(x), and how

subsets of genes interact. Model fitting uses standard iterative Markov chain Monte Carlo

(MCMC) simulation methods of Bayesian analysis41,42 to impute sets of simulated parameter

values whose distributions are summarized to produce point and interval estimates of model

parameters g,b as well as of probabilities of ER status in both the fitted model and for

future, validation samples. Multiple repeat analyses varying aspects of the model prior

distributions, including the number of non−zero elements of g selected,  and control

parameters for the MCMC analysis have been carried out to verify the stability of the

reported results. 

Our analysis strategy reduces noise contributed by irrelevant or unexpressed genes

by an initial screening process to select a subset of genes maximally correlated with

outcome. This screening strategy aims to reduce noise contributed by irrelevant or

unexpressed genes by an initial selection process, and the choice of  the number 100 was

determined by repeat experimentation.  This screen computes sample correlation

coefficients between genes and binary outcomes, and selects those genes giving the 100

largest absolute values of this correlation. The binary regression model is then fitted to this

set of 100 selected genes, using the  resulting SVD factors based on these 100 genes. In out−

of−sample prediction, either in the validation study of new cases or in the one−at−a−time

analysis, expression data for all tumors, including those to be predicted, is included in the

expression matrix for SVD analysis, even though the binary outcomes are unknown for
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these cases. This is important in that the SVD analysis is then informed by these cases as

well as those in the training set, so better identifying the underlying factor structure.

Predictive computations are trivial, since they are based on including the unknown binary

outcomes as latent/hidden variables to be iteratively simulated in the Bayesian MCMC

analysis, another standard technique8,41,42. We stress the importance of such analysis  in

providing  an honest assessment of uncertainty about predictions, as well a rational,

theoretically well−founded estimate of the probability of ER status for any new case. 

We further stress that the selection of gene subsets for prediction is repeated for each

one−at−a−time validation analysis. This is fundamentally important from a practical

viewpoint, since these gene subsets can vary depending on the specific training sample and

to do otherwise would not adequately represent the real−life circumstances that will arise in

future use of such analyses. This contrasts with other studies that involve an initial overall

screen to select a gene subset based on all the samples, and then use only that selected subset

in one−at−a−time predictions, and that are potentially misleading as a result. Our empirical

results validate this view, clearly indicating the extent of additional uncertainties in one−at−

a−time predictions compared to the fitted model predictions, and therefore elucidating the

extent of inherent heterogeneity and some of its implications in predictive analysis that will

ultimately inform  therapeutic decisions.
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Figure Legends

Figure 1. Factor analysis for ER+/ER− comparison

A. Pairwise factor analysis. Breast tumors depicted in a scatter plot on two dominant

factors underlying 100 genes selected in pure discrimination of the training cases.  Each

tumor is indicated by a simple index number (see Table 1) and is color coded with red

indicating ER+ cases and blue indicating ER− cases.  Only the tumors in the training set

are plotted.

B. Fitted classification probabilities for training cases from the factor regression analysis.

The values on the horizontal axis are estimates of the overall factor score in the

regression.  The corresponding values on the vertical axis are fitted/estimated

classification probabilities with corresponding 90% probability intervals marked as

dashed lines to indicate uncertainty about these estimated values.  Color coding is as

described in panel A.
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Figure 2.  Expression levels of top 100 genes providing pure discrimination of ER

status. 
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Figure 3.  Predictive probabilities for ER status of each tumor in the validation

sample.

The analysis was based on the selected subset of 100 genes in the full training sample

analysis.   The format color coding follows the same scheme described in Figure 1.  
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Figure 4.  Out−of−sample cross validation predictions of ER status.

C. One−at−a−time cross−validation predictions of classification probabilities for training

cases from the factor regression analysis.  The values on the horizontal axis are

estimates of the overall factor score in the regression.  The corresponding values on the

vertical axis are estimated classification probabilities with corresponding 90%

probability intervals marked as dashed lines to indicate uncertainty about these

estimated values. The analysis and predictions for each tumor are based on the 

screened subset of  100 most discriminatory genes to parallel current practice in

expression studies by other groups.  

D. One−at−a−time cross−validation predictions of classification probabilities for training

cases in the ER study, in a format similar to that of panel A. The difference here is that

the predictive analysis is honest in that each case is predicted based only on the ER

status of the remaining training tumors, with the subset of 100 genes reselected in each

case. The figure exhibits the resulting honest uncertainties about the extent of true

predictive accuracy in a practical setting, reflecting inherent variability due to

heterogeneity of expression profiles.  
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Figure 5. Factor analysis for nodal status comparison

A. Pairwise factor analysis. Breast tumors depicted in a scatter plot on two dominant

factors underlying 100 genes selected in pure discrimination of the training cases.  Each

tumor is indicated by a simple index number (see Table 1) and is color coded with red

indicating node positive cases with at least 3 identified positive nodes and blue

indicating lymph node negative cases.  Only the tumors in the training set are plotted.

B. Fitted classification probabilities for training cases from the factor regression analysis.

The values on the horizontal axis are estimates of the overall factor score in the

regression.  The corresponding values on the vertical axis are fitted/estimated

classification probabilities with corresponding 90% probability intervals marked as

dashed lines to indicate uncertainty about these estimated values.  Color coding is as

described in panel A. 
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Figure 6.  Expression levels of top 100 genes providing pure discrimination of nodal

status. 
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Figure 7.  Predictive probabilities for nodal status of each tumor in the validation

sample. 

The analysis was based on the selected subset of 100 genes in the full training sample

analysis.   The format color coding follows the same scheme described in Figure 5.    
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Figure 8.  Out−of−sample cross validation predictions of nodal status.

A. One−at−a−time cross−validation predictions of classification probabilities for training

cases from the factor regression analysis.  The values on the horizontal axis are estimates

of the overall factor score in the regression.  The corresponding values on the vertical

axis are estimated classification probabilities with corresponding 90% probability

intervals marked as dashed lines to indicate uncertainty about these estimated values.

The analysis and predictions for each tumor are based on the screened subset of  100

most discriminatory genes to parallel current practice in expression studies by other

groups. 

B. One−at−a−time cross−validation predictions of classification probabilities for training

cases in the nodal study, in a format similar to that of panel A. The difference here is

that the predictive analysis is honest in that each case is predicted based only on the

nodal status of the remaining training tumors, with the subset of 100 genes reselected in

each case. The figure exhibits the resulting honest uncertainties about the extent of true

predictive accuracy in a practical setting, reflecting inherent variability due to

heterogeneity of expression profiles.  
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Table 1.  Breast tumor samples used for gene expression analysis

Tumor No. Hist. Grade Nuclear Grade IPASTG ER Status LN Status
1 3 3 4 Pos Pos
2 2 2 2B Pos Pos
3 3 2 2B Pos Pos
4 2 2 2B Pos Pos
5 3 2 2B Pos Pos
6 3 3 2B Pos Pos
7 1 1 2A Pos Neg
8 2 2 2A Pos Neg
9 2 2 2A Pos Neg
10 1 1 1 Pos Neg
11 2 2 2A Pos Neg
12 2 2 2A Pos Neg
13 3 3 2B Pos Pos
14 3 3 3B Neg1 Pos
15 2 2 2B Pos Pos
16 3 3 2B Neg Pos
17 3 3 4 Neg Pos
18 3 3 2A Neg Pos
19 3 3 4 Neg Pos
20 2 2 2A Neg Neg
21 3 3 2A Neg Neg
22 3 2 2A Neg Neg
23 3 3 2B Neg Neg
24 3 3 2A Neg Neg
25 3 3 2A Neg Neg
26 3 3 3B Neg Pos
27 3 3 2A Neg Neg
28 3 3 4 Pos Pos
29 3 2 2A Pos Pos
30 3 2 2B Pos Pos
31 3 3 2B Neg1 Pos
32 2 2 3B Pos Neg
33 3 3 2A Neg1 Neg
34 3 2 3B Pos Neg
35 3 2 2A Pos Neg
36 3 3 2B Neg Pos
37 2 2 2A Neg Pos
38 3 3 2B Neg Pos
39 3 3 1 Neg Neg
40 3 3 2A Neg Neg
41 3 2 2A Neg Neg
42 3 3 2A Neg Neg
43 2 2 2A Neg Neg
44 3 3 2A Neg Pos
45 3 3 2B Pos2 Pos
46 3 3 2B Pos2 Pos
47 2 2 2A Pos Neg
48 2 2 2A Pos Neg
49 3 3 2B Neg Pos

1  Initially scored as ER+ by immunohistochemistry but confirmed as ER− by immunoblot assay

2  Initially scored as ER− by immunohistochemistry but then ER+ by immunoblot assay

36



T
ab

le
 2

.  
G

en
es

 t
ha

t 
co

nt
ri

bu
te

 t
o 

di
sc

ri
m

in
at

io
n 

of
 E

R
 s

ta
tu

s

E
R

R
an

k
E

R
W

ei
g

h
t

A
cc

. #
U

n
ig

en
e 

C
lu

st
er

S
ym

b
o

l
E

st
ro

g
en

 R
el

at
io

n
R

ef
 

1
0.

08
x5

20
03

T
re

fo
il 

F
ac

to
r 

1 
(p

S
2)

T
F

F
1

E
st

ro
ge

n 
in

du
ce

d
26

,2
7

2
0.

07
9

x0
36

35
E

st
ro

ge
n 

R
ec

ep
to

r 
1

E
S

R
1

E
R

3
0.

06
7

m
29

87
4

C
yt

oc
hr

om
e 

P
45

0,
 S

ub
fa

m
ily

 II
B

C
Y

P
2B

4
0.

06
4

l0
80

44
T

re
fo

il 
F

ac
to

r 
3

T
F

F
3

E
st

ro
ge

n 
in

du
ce

d 
28

5
0.

06
1

s3
77

30
(I

ns
ul

in
−L

ik
e 

G
ro

w
th

 F
ac

to
r)

IG
F

B
P

2
E

st
ro

ge
n 

in
du

ce
d

29
,3

0

6
0.

05
7

u7
92

93
H

um
an

 C
lo

ne
 2

39
48

 m
R

N
A

 S
eq

ue
nc

e
N

/A

7
0.

05
6

j0
37

78
M

ic
ro

tu
bu

le
−A

ss
oc

’d
 P

ro
te

in
 T

au
M

A
P

T
E

st
ro

ge
n 

in
du

ce
d

31

8
0.

05
5

x0
77

32
H

ep
si

n
H

P
N

9
0.

04
8

x5
80

72
G

A
T

A
−b

in
di

ng
 p

ro
te

in
 3

G
A

T
A

3
C

o−
ex

pr
es

se
d 

w
ith

 E
R

32
−

34

10
0.

04
7

u2
23

76
v−

m
yb

 A
vi

an
 M

ye
lo

bl
as

to
si

s 
V

ira
l O

nc
og

en
e 

H
om

ol
og

M
Y

B
E

st
ro

ge
n 

in
du

ce
d

35
,3

6

11
−0

.0
43

u0
43

13
S

er
in

e 
P

ro
te

in
as

e 
In

hi
bi

to
r,

 C
la

de
 B

, M
em

be
r 

5 
(M

as
pi

n)
S

E
R

P
IN

B
5

In
du

ce
d 

by
 ta

m
ox

ife
n;

 in
ve

rs
e

w
ith

 E
R

37
; 38

12
0.

04
1

x1
70

59
N

−A
ce

ty
ltr

an
sf

er
as

e 
1

N
A

T
1

13
−0

.0
41

m
26

31
1

S
10

0 
C

al
ci

um
 B

in
di

ng
 P

ro
te

in
 A

9
S

10
0A

9

14
−0

.0
41

u2
71

85
R

et
in

oi
c 

A
ci

d 
R

ec
ep

to
r 

R
es

po
nd

er
 1

R
A

R
R

E
S

1

15
−0

.0
39

u8
44

87
S

m
al

l I
nd

uc
ib

le
 C

yt
ok

in
e 

S
ub

fa
m

ily
 D

, M
em

be
r 

1
S

C
Y

D
1

16
0.

03
9

u3
98

40
H

ep
at

oc
yt

e 
N

uc
le

ar
 F

ac
to

r 
3 

A
lp

ha
H

N
F

3A
S

yn
er

gi
st

ic
 w

ith
 E

R
39

17
0.

03
8

u3
29

07
37

 k
D

a 
Le

uc
in

e−
R

ic
h 

R
ep

ea
t (

LR
R

) 
P

ro
te

in
P

37
N

B

18
0.

03
8

m
35

85
1

(A
nd

ro
ge

n 
R

ec
ep

to
r)

A
R

P
hy

si
ca

l i
nt

er
ac

tio
n 

w
ith

 E
R

40

19
−0

.0
38

x8
72

12
C

at
he

ps
in

 C
C

T
S

C

20
0.

03
7

u9
69

22
In

os
ito

l P
ol

yp
ho

sp
ha

te
−4

−P
ho

sp
ha

ta
se

, T
yp

e 
II,

 1
05

 k
D

IN
P

P
4B

21
0.

03
6

af
00

02
34

P
ur

in
er

gi
c 

R
ec

ep
to

r 
P

2X
, L

ig
an

d−
G

at
ed

 Io
n 

C
ha

nn
el

, 4
P

2R
X

4
E

st
ro

ge
n 

bi
os

yn
th

es
is

41
,4

2

22
−0

.0
36

d5
09

15
K

IA
A

01
25

 G
en

e 
P

ro
du

ct
K

IA
A

01
25

23
0.

03
6

l0
76

15
(N

eu
ro

pe
pt

id
e 

Y
 R

ec
ep

to
r 

Y
1)

N
P

Y
1R

24
0.

03
5

u6
83

85
M

ei
s 

(M
ou

se
) 

H
om

ol
og

 3
M

E
IS

3

25
0.

03
5

u4
10

60
LI

V
−1

 P
ro

te
in

LI
V

−1
E

st
ro

ge
n 

in
du

ce
d

43

26
0.

03
4

hg
35

48
−

ht
37

49
(C

C
A

A
T

 D
is

pl
ac

em
en

t P
ro

te
in

)
C

U
T

L1

27
0.

03
2

d3
84

37
P

os
tm

ei
ot

ic
 S

eg
re

ga
tio

n 
In

cr
ea

se
d 

2−
Li

ke
 3

P
M

S
2L

3

pa
pe

r.
do

c
M

ar
ch

 1
4,

 2
00

1



28
−0

.0
31

x0
44

70
S

ec
re

to
ry

 L
eu

ko
cy

te
 P

ro
te

as
e 

In
hi

bi
to

r
S

LP
I

29
0.

02
9

m
81

05
7

C
ar

bo
xy

pe
pt

id
as

e 
B

1
C

P
B

1

30
0.

02
7

u9
57

40
K

IA
A

04
30

 G
en

e 
P

ro
du

ct
K

IA
A

04
30

31
−0

.0
27

m
24

48
5

G
lu

ta
th

io
ne

 S
−T

ra
ns

fe
ra

se
 P

i
G

S
T

P
1

In
ve

rs
e 

re
la

tio
n 

w
ith

 E
R

44

32
0.

02
5

x5
50

37
G

A
T

A
−b

in
di

ng
 p

ro
te

in
 3

G
A

T
A

3
E

st
ro

ge
n 

in
du

ce
d

32
−

34

33
0.

02
3

m
31

62
7

X
−B

ox
 B

in
di

ng
 P

ro
te

in
 1

X
B

P
1

34
−0

.0
23

x1
37

94
La

ct
at

e 
D

eh
yd

ro
ge

na
se

 B
LD

H
B

35
0.

02
2

z2
90

83
5T

4 
O

nc
of

et
al

 T
ro

ph
ob

la
st

 G
ly

co
pr

ot
ei

n
5T

4

36
0.

02
2

u2
19

31
(F

ru
ct

os
e−

1,
6−

B
ip

ho
sp

ha
ta

se
)

F
B

P
1

37
0.

02
1

m
23

26
3

A
nd

ro
ge

n 
R

ec
ep

to
r

A
R

P
hy

si
ca

l i
nt

er
ac

tio
n 

w
ith

 E
R

40

38
0.

02
1

u0
97

70
C

ys
te

in
e−

R
ic

h 
P

ro
te

in
 1

C
R

IP
1

39
0.

02
1

x1
32

38
C

yt
oc

hr
om

e 
C

 O
xi

da
se

 S
ub

un
it 

V
ic

C
O

X
6C

40
−0

.0
2

u0
30

57
S

in
ge

d 
(D

ro
so

ph
ila

)−
Li

ke
S

N
L

41
−0

.0
19

u0
53

40
C

D
C

20
C

D
C

20

42
−0

.0
18

x0
16

30
A

rg
in

in
os

uc
ci

na
te

 S
yn

th
et

as
e

A
S

S

43
−0

.0
18

s4
56

30
C

ry
st

al
lin

, A
lp

ha
 B

C
R

Y
A

B

44
−0

.0
17

hg
34

94
−

ht
36

88
(N

uc
le

ar
 F

ac
to

r 
N

F
−I

L6
)

45
0.

01
6

x8
34

25
Lu

th
er

an
 B

lo
od

 G
ro

up
LU

46
0.

01
6

m
14

74
5

B
−C

el
l C

LL
/L

ym
ph

om
a 

2
B

C
L2

47
−0

.0
15

x8
72

41
F

A
T

 T
um

or
 S

up
pr

es
so

r
F

A
T

48
0.

01
5

m
99

70
1

T
ra

ns
cr

ip
tio

n 
E

lo
ng

at
io

n 
F

ac
to

r 
A

 (
S

II)
−L

ik
e 

1
T

C
E

A
L1

49
0.

01
5

hg
31

25
−

ht
33

01
(E

st
ro

ge
n 

R
ec

ep
to

r)
E

S
R

1
E

R

50
0.

01
5

x1
28

76
K

er
at

in
 1

8
K

R
T

18

51
0.

01
5

u9
61

13
(N

ed
d−

4−
Li

ke
 U

bi
qu

iti
n 

P
ro

te
in

 L
ig

as
e)

 
W

W
P

1

52
0.

01
5

m
27

89
1

(C
ys

ta
tin

 C
)

C
S

T
3

53
−0

.0
14

d6
38

80
C

hr
om

os
om

e 
C

on
de

ns
at

io
n−

R
el

at
ed

 S
M

C
−A

ss
oc

ia
te

d 
P

ro
te

in
 1

K
IA

A
01

59

54
0.

01
4

x6
87

33
S

er
in

e 
P

ro
te

in
as

e 
In

hi
bi

to
r,

 C
la

de
 A

, M
em

be
r 

3
S

E
R

P
IN

A
3

55
0.

01
4

z2
30

90
H

ea
t S

ho
ck

 2
7 

kD
 P

ro
te

in
 1

H
S

P
B

1
E

st
ro

ge
n 

in
du

ce
d

45
,4

6

56
0.

01
4

x1
66

65
H

om
eo

 B
ox

 B
2

H
O

X
B

2

57
0.

01
4

m
62

40
3

In
su

lin
−L

ik
e 

G
ro

w
th

 F
ac

to
r 

B
in

di
ng

 P
ro

te
in

 4
IG

F
B

P
4

58
−0

.0
14

u8
51

93
N

uc
le

ar
 F

ac
to

r 
I/B

N
F

IB

38



59
0.

01
3

z4
86

33
H

. s
ap

ie
ns

 m
R

N
A

 fo
r 

R
et

ro
T

ra
ns

po
so

n
N

/A

60
0.

01
3

d5
08

40
U

D
P

−G
lu

co
se

 C
er

am
id

e 
G

lu
co

sy
ltr

an
sf

er
as

e
U

G
C

G

61
0.

01
3

l1
57

02
B

−F
ac

to
r

B
F

62
0.

01
3

d7
81

34
C

ol
d 

In
du

ci
bl

e 
R

N
A

−B
in

di
ng

 P
ro

te
in

C
IR

B
P

63
0.

01
3

u7
26

49
B

T
G

 F
am

ily
, M

em
be

r 
2

B
T

G
2

R
eg

ul
at

e 
E

R
−m

ed
ia

te
d

ac
tiv

at
io

n
47

64
0.

01
2

x7
58

61
T

es
tis

 E
nh

an
ce

d 
G

en
e 

T
ra

ns
cr

ip
t

T
E

G
T

65
0.

01
2

u5
21

00
E

pi
th

el
ia

l M
em

br
an

e 
P

ro
te

in
 2

E
M

P
2

66
0.

01
1

x5
30

02
In

te
gr

in
, B

et
a 

5
IT

G
B

5

67
0.

01
1

u2
96

56
N

on
−M

et
as

ta
tic

 C
el

ls
 3

, P
ro

te
in

 E
xp

re
ss

ed
 In

N
M

E
3

68
0.

01
1

x5
98

34
G

lu
ta

m
at

e−
A

m
m

on
ia

 L
ig

as
e

G
LU

L

69
0.

01
1

l4
04

01
P

er
ox

is
om

al
 L

on
g−

C
ha

in
 A

cy
l−

C
oA

 T
hi

oe
st

er
as

e,
 P

ut
at

iv
e 

P
ro

te
in

Z
A

P
12

8

70
−0

.0
11

M
32

31
3

S
te

ro
id

−5
−A

lp
ha

−R
ed

uc
ta

se
, A

lp
ha

 P
ol

yp
ep

tid
e 

1
S

R
D

5A
1

71
0.

01
1

X
57

35
1

In
te

rf
er

on
 In

du
ce

d 
T

ra
ns

m
em

br
an

e 
P

ro
te

in
 2

IF
IT

M
2

72
−0

.0
11

D
38

55
0

H
um

an
 m

R
N

A
 fo

r 
K

IA
A

00
75

 G
en

e

73
−0

.0
1

D
90

20
9

A
ct

iv
at

in
g 

T
ra

ns
cr

ip
tio

n 
F

ac
to

r 
4

A
T

F
4

74
0.

01
U

68
14

2
R

A
B

2,
 M

em
be

r 
of

 R
A

S
 O

nc
og

en
e 

F
am

ily
−L

ik
e

R
A

B
2L

75
0.

01
S

69
27

2
S

er
in

e 
P

ro
te

in
as

e 
In

hi
bi

to
r,

 C
la

de
 B

, M
em

be
r 

6
S

E
R

P
IN

B
6

76
−0

.0
09

9
M

69
06

6
M

oe
si

n
M

S
N

In
ve

rs
e 

re
la

tio
n 

w
ith

 E
R

48

77
0.

00
91

hg
15

15
−

ht
15

15
(T

ra
ns

cr
ip

tio
n 

F
ac

to
r 

B
T

F
3B

)
B

T
F

3

78
0.

00
91

U
67

96
3

Ly
so

ph
os

ph
ol

ip
as

e−
Li

ke
H

U
−K

5

79
−0

.0
09

1
U

65
78

5
O

xy
ge

n 
R

eg
ul

at
ed

 P
ro

te
in

 (
15

0 
kD

)
O

R
P

15
0

80
0.

00
89

U
09

19
6

P
ol

ym
er

as
e 

(D
N

A
−D

ire
ct

ed
),

 D
el

ta
 4

P
O

LD
4

81
0.

00
88

U
11

79
1

C
yc

lin
 H

C
C

N
H

82
0.

00
86

M
29

87
7

F
uc

os
id

as
e,

 A
lp

ha
−L

−1
, T

is
su

e
F

U
C

A
1

83
−0

.0
08

3
U

96
13

1
T

hy
ro

id
 H

or
m

on
e 

R
ec

ep
to

r 
In

te
ra

ct
or

 1
3

T
R

IP
13

84
0.

00
82

U
14

60
3

P
ro

te
in

 T
yr

os
in

e 
P

ho
sp

ha
ta

se
 T

yp
e 

IV
A

, M
em

be
r 

2
P

T
P

4A
2

85
−0

.0
07

9
M

14
32

8
E

no
la

se
 1

E
N

O
1

86
0.

00
78

X
74

92
9

K
er

at
in

 8
K

R
T

8

87
0.

00
78

X
71

97
3

G
lu

ta
th

io
ne

 P
er

ox
id

as
e 

4
G

P
X

4

88
0.

00
77

M
74

71
5

Id
ur

on
id

as
e,

 A
lp

ha
−L

ID
U

A

89
0.

00
76

U
14

39
4

T
is

su
e 

In
hi

bi
to

r 
of

 M
et

al
lo

pr
ot

ei
na

se
 3

T
IM

P
3

39



90
0.

00
75

U
30

82
7

S
pl

ic
in

g 
F

ac
to

r,
 A

rg
in

in
e/

S
er

in
e−

R
ic

h 
5

S
F

R
S

5

91
0.

00
74

U
79

26
2

D
eo

xy
hy

pu
si

ne
 S

yn
th

as
e

D
H

P
S

92
0.

00
71

U
94

83
1

T
ra

ns
m

em
br

an
e 

9 
S

up
er

fa
m

ily
 M

em
be

r 
1

T
M

9S
F

1

93
−0

.0
07

l2
02

98
C

or
e−

B
in

di
ng

 F
ac

to
r,

 B
et

a 
S

ub
un

it
C

B
F

B

94
0.

00
69

U
72

06
6

R
et

in
ob

la
st

om
a−

B
in

di
ng

 P
ro

te
in

 8
R

B
B

P
8

95
−0

.0
06

8
l1

68
62

G
 P

ro
te

in
−C

ou
pl

ed
 R

ec
ep

to
r 

K
in

as
e 

6
G

P
R

K
6

96
−0

.0
06

6
M

96
98

2
U

2(
R

N
U

2)
 S

m
al

l N
uc

le
ar

 R
N

A
 A

ux
ill

ia
ry

 F
ac

to
r 

1
U

2A
F

1

97
−0

.0
06

6
U

09
56

4
S

F
R

S
 P

ro
te

in
 K

in
as

e 
1

S
R

P
K

1

98
0.

00
61

hg
22

38
−

ht
23

21
(N

uc
le

ar
 M

ito
tic

 A
pp

ar
at

us
 P

ro
te

in
 1

)
N

U
M

A
1

99
−0

.0
05

5
D

86
97

8
K

IA
A

02
25

 P
ro

te
in

K
IA

A
02

25

10
0

0.
00

39
X

91
64

8
H

. s
ap

ie
ns

 m
R

N
A

 fo
r 

P
ur

 A
lp

ha
 E

xt
en

de
d 

3’
 U

nt
ra

ns
la

te
d 

R
eg

io
n

N
/A

L
eg

en
d 

to
 T

ab
le

 2
.  

G
en

es
 a

re
 li

st
ed

 a
cc

or
di

ng
 to

 th
e 

di
sc

ri
m

in
at

or
y 

ra
nk

in
g 

w
it

h 
ge

ne
 1

 h
av

in
g 

th
e 

gr
ea

te
st

 w
ei

gh
t i

n 
th

e 
di

sc
ri

m
in

at
io

n.

N
eg

at
iv

e 
va

lu
es

 in
di

ca
te

 a
n 

in
ve

rs
e 

co
rr

el
at

io
n 

w
it

h 
E

R
+

 s
ta

tu
s 

(a
nd

 th
us

 a
 p

os
it

iv
e 

co
rr

el
at

io
n 

w
it

h 
E

R
−

 s
ta

tu
s)

.  
In

 th
os

e 
in

st
an

ce
s 

w
he

re
 a

 g
en

e

ap
pe

ar
s 

m
or

e 
th

an
 o

nc
e 

in
 th

e 
li

st
, t

he
 D

N
A

 m
ic

ro
ar

ra
y 

co
nt

ai
ne

d 
m

or
e 

th
an

 o
ne

 r
ep

re
se

nt
at

io
n 

of
 th

at
 g

en
e.

  

40



T
ab

le
 3

.  
G

en
es

 t
ha

t 
co

nt
ri

bu
ti

on
 t

o 
di

sc
ri

m
in

at
io

n 
of

 ly
m

ph
 n

od
e 

st
at

us

R
an k

W
ei

g
h

t
A

cc
#

U
n

ig
en

e 
C

lu
st

er
S

ym
b

o
l

1
−0

.0
72

x5
80

79
S

10
0 

C
al

ci
um

−B
in

di
ng

 P
ro

te
in

 A
1 

S
10

0A
1

2
−0

.0
61

x8
47

07
M

el
an

om
a 

In
hi

bi
to

ry
 A

ct
iv

ity
 

M
IA

3
−0

.0
55

u3
98

17
B

lo
om

 S
yn

dr
om

e
B

LM
4

−0
.0

55
m

99
43

5
T

ra
ns

du
ci

n−
Li

ke
 E

nh
an

ce
r 

of
 S

pl
it 

1,
 H

om
ol

og
 o

f D
ro

so
ph

ila
 E

(s
p1

)
T

LE
1

5
0.

05
4

u3
26

74
G

 P
ro

te
in

−C
ou

pl
ed

 R
ec

ep
to

r 
9

G
P

R
9

6
−0

.0
52

s6
91

15
N

at
ur

al
 K

ill
er

 C
el

l G
ro

up
 7

 S
eq

ue
nc

e 
(N

K
G

7)
N

K
G

7
7

−0
.0

51
u2

71
85

R
et

in
oi

c 
A

ci
d 

R
ec

ep
to

r 
R

es
po

nd
er

 (
T

az
ar

ot
en

e 
In

du
ce

d)
 1

 (
R

A
R

R
E

S
1)

R
A

R
R

E
S

1
8

−0
.0

51
u9

00
65

P
ot

as
si

um
 C

ha
nn

el
, S

ub
fa

m
ily

 K
, M

em
be

r 
1

K
C

N
K

1
9

−0
.0

49
l2

24
54

N
uc

le
ar

 R
es

pi
ra

to
ry

 F
ac

to
r 

1
N

R
F

1
10

−0
.0

48
s7

44
45

C
el

lu
la

r 
R

et
in

oi
c 

A
ci

d−
B

in
di

ng
 P

ro
te

in
 1

 (
C

R
A

B
P

1)
C

R
A

B
P

1
11

−0
.0

48
d8

54
25

N
uc

le
ar

 T
ra

ns
cr

ip
tio

n 
F

ac
to

r 
Y

, G
am

m
a 

N
F

Y
C

12
−0

.0
47

l0
64

19
P

ro
co

lla
ge

n−
Ly

si
ne

, 2
−O

xo
gl

ut
ar

at
e 

5−
D

io
xy

ge
na

se
 (

Ly
si

ne
 H

yd
ro

xy
la

se
, E

hl
er

s−
D

an
lo

s
S

yn
dr

om
e 

T
yp

e 
V

I)
 

P
LO

D

13
−0

.0
46

u0
43

13
S

er
in

e 
(o

r 
C

ys
te

in
e)

 P
ro

te
in

as
e 

In
hi

bi
to

r,
 C

la
de

 B
 (

O
va

lb
um

in
),

 M
em

be
r 

5 
S

E
R

P
IN

B
5,

M
A

S
P

IN
14

−0
.0

43
d8

70
71

K
IA

A
02

33
 G

en
e 

P
ro

du
ct

K
IA

A
02

33
15

0.
04

2
x0

21
58

E
ry

th
ro

po
ie

tin
E

P
O

16
−0

.0
42

u0
26

09
T

ra
ns

du
ci

n 
(B

et
a)

−L
ik

e 
3 

T
B

L3
17

−0
.0

42
u9

09
08

H
yp

ot
he

tic
al

 P
ro

te
in

 F
ro

m
 C

lo
ne

s 
23

54
9 

an
d 

23
76

2 
LO

C
58

50
4

18
−0

.0
42

m
84

82
0

R
et

in
oi

d 
X

 R
ec

ep
to

r,
 B

et
a 

R
X

R
B

19
−0

.0
41

d2
52

17
K

IA
A

00
27

 p
ro

te
in

20
−0

.0
41

ab
00

08
97

n/
a

21
0.

04
1

s7
73

61
n/

a
22

−0
.0

4
j0

29
60

A
dr

en
er

gi
c,

 B
et

a−
2−

, R
ec

ep
to

r,
 S

ur
fa

ce
A

D
R

B
2

23
−0

.0
4

d5
09

23
K

IA
A

01
33

 G
en

e 
P

ro
du

ct
K

IA
A

01
33

24
−0

.0
39

m
13

95
5

K
er

at
in

 7
K

R
T

7
25

−0
.0

39
s7

69
42

D
op

am
in

e 
R

ec
ep

to
r 

D
4 

D
R

D
4

26
−0

.0
38

d2
82

35
P

ro
st

ag
la

nd
in

−E
nd

op
er

ox
id

e 
S

yn
th

as
e 

2 
(C

yc
lo

ox
yg

en
as

e 
2)

P
T

G
S

2
27

−0
.0

38
u4

13
44

n/
a

28
−0

.0
38

m
60

04
7

H
ep

ar
in

−B
in

di
ng

 G
ro

w
th

 F
ac

to
r 

B
in

di
ng

 P
ro

te
in

H
B

P
17

29
0.

03
8

d6
33

90
P

la
te

le
t−

A
ct

iv
at

in
g 

F
ac

to
r 

A
ce

ty
lh

yd
ro

la
se

, I
so

fo
rm

 IB
, B

et
a 

S
ub

un
it

P
A

F
A

H
1B

2
30

−0
.0

38
m

95
74

0
Id

ur
on

id
as

e,
 A

lp
ha

−L
−

ID
U

A
31

−0
.0

38
l0

75
97

R
ib

os
om

al
 P

ro
te

in
 S

6 
K

in
as

e,
 9

0k
D

, P
ol

yp
ep

tid
e 

1 
R

P
S

6K
A

1
32

−0
.0

38
d3

18
89

P
ro

te
os

om
e 

26
S

 S
ub

un
it,

 N
on

−A
T

P
as

e,
 5

P
S

M
D

5

41



33
0.

03
7

hg
39

98
−

ht
42

68
34

−0
.0

37
x8

52
37

S
pl

ic
in

g 
F

ac
to

r 
3a

, S
ub

un
it 

1,
 1

20
 k

D
S

F
3A

1
35

0.
03

7
hg

35
48

−
ht

37
49

36
−0

.0
37

m
97

34
7

G
lu

co
sa

m
in

yl
 (

N
−A

ce
ty

l) 
T

ra
ns

fe
ra

se
 1

, C
or

e 
2 

(B
et

a−
1,

6−
N

−A
ce

ty
lg

lu
co

sa
m

in
yl

tr
an

sf
er

as
e)

G
C

N
T

1
37

0.
03

6
u0

64
54

P
ro

te
in

 K
in

as
e,

 A
M

P
−A

ct
iv

at
ed

, A
lp

ha
 2

 C
at

al
yt

ic
 S

ub
un

it
P

R
K

A
A

2
38

−0
.0

36
d1

36
45

K
IA

A
00

20
 g

en
e 

pr
od

uc
t

K
IA

A
00

20
39

−0
.0

36
l0

25
47

C
le

av
ag

e 
S

tim
ul

at
io

n 
F

ac
to

r,
 3

’ p
re

=R
N

A
, S

ub
un

it 
1,

 5
0 

kD
C

S
T

F
1

40
0.

03
5

m
15

51
7

n/
a

41
−0

.0
35

u8
45

40
n/

a
42

0.
03

5
m

11
43

7
n/

a
43

0.
03

4
u3

76
73

A
da

pt
or

−R
el

at
ed

 P
ro

te
in

 C
om

pl
ex

 3
, B

et
a 

2 
S

ub
un

it 
A

P
3B

2
44

0.
03

4
m

77
14

4
H

yd
ro

xy
−D

el
ta

−5
−S

te
ro

id
 D

eh
yd

ro
ge

na
se

, 3
 B

et
a−

 a
nd

 S
te

ro
id

 D
el

ta
−I

so
m

er
as

e 
2

H
S

D
3B

2
45

0.
03

4
u5

70
93

R
A

B
27

B
, M

em
be

r 
R

A
S

 O
nc

og
en

e 
F

am
ily

R
A

B
27

B
46

0.
03

3
x7

97
81

R
A

B
35

, M
em

be
r 

R
A

S
 O

nc
og

en
e 

F
am

ily
 

R
A

B
35

47
−0

.0
33

d2
52

15
H

ec
t D

om
ai

n 
an

d 
R

LD
 3

 
H

E
R

C
3

48
0.

03
3

l1
16

95
T

ra
ns

fo
rm

in
g 

G
ro

w
th

 F
ac

to
r,

 B
et

a 
R

ec
ep

to
r 

1
T

G
F

B
R

1
49

−0
.0

33
af

00
05

60
H

om
o 

sa
pi

en
s 

T
T

F
−I

 in
te

ra
ct

in
g 

pe
pt

id
e 

20
 m

R
N

A
, p

ar
tia

l c
ds

50
−0

.0
32

u2
95

89
C

ho
lin

er
gi

c 
R

ec
ep

to
r,

 M
us

ca
rin

ic
 3

 
C

H
R

M
3

51
0.

03
1

y0
99

80
H

om
eo

bo
x 

D
3

H
O

X
D

3
52

−0
.0

31
x1

46
90

P
re

−A
lp

ha
 (

G
lo

bu
lin

) 
In

hi
bi

to
r,

 H
3 

P
ol

yp
ep

tid
e

IT
IH

3
53

−0
.0

29
z1

49
78

A
R

P
1 

(A
ct

in
−R

el
at

ed
 P

ro
te

in
 1

, Y
ea

st
) 

H
om

ol
og

 A
 (

C
en

tr
ac

tin
 A

lp
ha

) 
A

C
T

R
1A

54
−0

.0
28

x0
76

18
C

yt
oc

hr
om

e 
p4

50
, S

ub
fa

m
ily

 II
D

, P
ol

yp
ep

tid
e 

7a
 (

P
se

ud
og

en
e)

C
Y

P
2D

7A
P

55
−0

.0
28

x6
65

03
A

de
ny

ls
uc

ci
na

te
 S

yn
th

as
e

A
D

S
S

56
0.

02
8

x9
11

96
n/

a
57

0.
02

7
hg

85
5−

ht
85

5
58

−0
.0

25
x0

52
76

T
ro

po
m

yo
si

n 
4

T
P

M
4

59
−0

.0
24

u9
19

85
D

N
A

 F
ra

gm
en

ta
tio

n 
F

ac
to

r,
 4

5 
kD

, A
lp

ha
 P

ol
yp

ep
tid

e
D

F
F

A
60

−0
.0

24
z2

55
35

N
uc

le
op

or
in

 1
53

 k
D

N
U

P
15

3
61

−0
.0

24
m

34
53

9
F

K
50

6−
B

in
di

ng
 P

ro
te

in
 1

A
F

K
B

P
1A

62
−0

.0
24

hg
29

99
−

ht
47

56
63

−0
.0

24
hg

36
38

−
ht

38
49

64
0.

02
3

u0
48

40
N

eu
ro

−O
nc

ol
og

ic
al

 V
en

tr
al

 A
nt

ig
en

 1
N

O
V

A
1

65
−0

.0
22

y0
83

19
K

in
es

in
 H

ea
vy

 C
ha

in
 M

em
be

r 
2

K
IF

2
66

−0
.0

21
u5

05
34

P
ut

at
iv

e 
G

en
e 

P
ro

du
ct

13
C

D
N

A
73

67
−0

.0
2

u7
27

61
K

ar
yo

ph
er

in
 (

Im
po

rt
in

) 
B

et
a 

3
K

P
N

B
3

42



68
0.

02
m

99
70

1
T

ra
ns

cr
ip

tio
n 

E
lo

ng
at

io
n 

F
ac

to
r 

A
 (

S
II)

−L
ik

e 
1

T
C

E
A

L1
69

0.
01

8
x0

78
34

S
up

er
ox

id
e 

D
is

m
ut

as
e 

2,
 M

ito
ch

on
dr

ia
l

S
O

D
2

70
−0

.0
17

m
86

73
7

S
tr

uc
tu

re
 S

pe
ci

fic
 R

ec
og

ni
tio

n 
P

ro
te

in
 1

S
S

R
P

1
71

0.
01

6
u3

82
76

S
em

a 
D

om
ai

n,
 Ig

 D
om

ai
n,

 S
ho

rt
 B

as
ic

 D
om

ai
n,

 S
ec

re
te

d,
 (

S
em

ap
ho

rin
) 

3F
S

E
M

A
3F

72
0.

01
5

x6
69

22
In

os
ito

l(M
yo

)−
1(

or
 4

)−
M

on
op

ho
sp

ha
ta

se
 1

IM
P

A
1

73
−0

.0
14

u4
98

35
C

hi
tin

as
e 

3−
Li

ke
 2

C
H

I3
L2

74
−0

.0
14

l2
00

10
H

os
t C

el
l F

ac
to

r 
C

1
H

C
F

C
1

75
0.

01
4

d8
30

18
N

el
−L

ik
e 

2
N

E
LL

2
76

−0
.0

14
l4

03
79

T
hy

ro
id

 H
or

m
on

e 
R

ec
ep

to
r 

In
te

ra
ct

or
 1

0
T

R
IP

10
77

−0
.0

13
d1

39
88

G
D

P
 D

is
so

ci
at

io
n 

In
hi

bi
to

r 
2

G
D

I2
78

−0
.0

13
u5

86
58

H
um

an
 U

nk
no

w
n 

P
ro

te
in

 m
R

N
A

 w
ith

in
 p

53
 In

tr
on

 1
79

0.
01

2
s8

21
98

C
hy

m
ot

ry
ps

in
 C

 (
C

al
de

cr
in

)
C

T
R

C
80

0.
01

2
x9

25
18

H
ig

h−
M

ob
ili

ty
 G

ro
up

 P
ro

te
in

 Is
of

or
m

 I−
C

H
M

G
IC

81
0.

01
2

m
33

68
4

n/
a

82
0.

01
2

s6
92

72
se

rin
e 

(o
r 

cy
st

ei
ne

) 
pr

ot
ei

na
se

 in
hi

bi
to

r,
 c

la
de

 B
 (

ov
al

bu
m

in
),

 m
em

be
r 

6 
S

E
R

P
IN

 B
6

83
−0

.0
11

hg
16

12
−

ht
16

12
84

0.
01

1
l1

88
77

M
el

an
om

a 
A

nt
ig

en
, F

am
ily

 A
, 1

2
M

A
G

E
A

12
85

−0
.0

11
u2

86
86

R
N

A
 B

in
di

ng
 M

ot
if 

P
ro

te
in

 3
R

B
M

3
86

−0
.0

09
9

y0
02

64
A

m
yl

oi
d 

B
et

a 
P

re
cu

rs
or

 P
ro

te
in

A
P

P

87
−0

.0
09

6
m

76
37

8
n/

a

88
0.

00
9

x5
66

81
Ju

nD
 P

ro
to

−O
nc

og
en

e
JU

N
D

89
0.

00
87

u4
98

69
n/

a
90

0.
00

86
u6

44
44

U
bi

qu
iti

n 
F

us
io

n 
D

eg
ra

da
tio

n 
1−

Li
ke

U
F

D
1L

91
−0

.0
08

5
z5

07
81

D
el

ta
 S

le
ep

 In
du

ci
ng

 P
eo

pt
id

e,
 Im

m
un

or
ea

ct
or

D
S

IP
I

92
0.

00
83

x5
15

21
V

ill
in

 2
 (

E
zr

in
)

V
IL

2
93

−0
.0

07
z2

25
36

A
ct

iv
in

 A
 R

ec
ep

to
r,

 T
yp

e 
IB

A
C

V
R

1B
94

0.
00

63
u7

06
71

A
ta

xi
n 

2 
R

el
at

ed
 P

ro
te

in
A

2L
P

95
0.

00
62

x1
53

41
C

yt
oc

hr
om

e 
C

 O
xi

da
se

 S
ub

un
it 

V
ia

 P
ol

yp
ep

tid
e 

1
C

O
X

6A
1

96
−0

.0
06

1
u0

24
93

N
on

−P
O

U
−D

om
ai

n−
C

on
ta

in
in

g,
 O

ct
am

er
−B

in
di

ng
N

O
N

O

97
−0

.0
05

4
d3

18
84

K
IA

A
00

63
 G

en
e 

P
ro

du
ct

K
IA

A
00

63

98
−0

.0
02

7
l3

40
75

F
K

50
6 

B
in

di
ng

 P
ro

te
in

 1
2−

R
ap

am
yc

in
 A

ss
oc

ia
te

d 
P

ro
te

in
 1

F
R

A
P

1

99
−0

.0
01

2
x1

55
25

A
ci

d 
P

ho
sp

ha
ta

se
 2

, L
ys

os
om

al
A

C
P

2

43



10
0

−0
.0

00
9

m
69

01
3

G
ua

ni
ne

 N
uc

le
ot

id
e 

B
in

di
ng

 P
ro

te
in

, A
lp

ha
 1

1
G

N
A

11

44



L
eg

en
d 

to
 T

ab
le

 3
.  

G
en

es
 a

re
 li

st
ed

 a
cc

or
di

ng
 to

 th
e 

di
sc

ri
m

in
at

or
y 

ra
nk

in
g 

w
it

h 
ge

ne
 1

 h
av

in
g 

th
e 

gr
ea

te
st

 w
ei

gh
t i

n 
th

e 
di

sc
ri

m
in

at
io

n.

N
eg

at
iv

e 
va

lu
es

 in
di

ca
te

 a
n 

in
ve

rs
e 

co
rr

el
at

io
n 

w
it

h 
po

si
ti

ve
 ly

m
ph

 n
od

e 
st

at
us

 (
an

d 
th

us
 a

 p
os

it
iv

e 
co

rr
el

at
io

n 
w

it
h 

a 
no

de
−

ne
ga

ti
ve

 s
ta

tu
s)

.

45



Reference List

1. Ciocca,D.R. et al. Correlation of HER−2/neu amplification with expression and with

other prognostic factors in 1103 breast cancers. J. Natl. Cancer Inst. 84, 1279−1282

(1992).

2. Tandon,A.K., Clark,G.M., Chamness,G.C., Ullrich,A. & McGuire,W.L. HER−2/neu

oncogene protein and prognosis in breast cancer. J. Clin. Oncol. 7, 1120−1128 (1989).

3. Muss,H.B. et al. c−erbB−2 expression and response to adjuvant therapy in women with

node−positive early breast cancer. N. Engl. J. Med. 331 , 211 (1994).

4. Alon,U. et al. Broad patterns of gene expression revealed by clustering analysis of

tumor and normal colon tissues probed by oligonucleotide arrays. Proc. Natl. Acad. Sci.

USA 96, 6745−6750 (1999).

5. Bittner,M. et al. Molecular classification of cutaneous malignant melanoma by gene

expression profiling. Nature 406, 536−540 (2000).

6. DeRisi,J. et al. Use of a cDNA microarray to analyse gene expression patterns in human

cancer. Nature Genetics 14, 457−460 (1996).

7. Golub,T.R. et al. Molecular classification of cancer: class discovery and class

prediction by gene expression monitoring. Science 286, 531−537 (1999).

8. Alizadeh,A.A. et al. Distinct types of diffuse large B−cell lymphoma identified by gene

expression profiling. Nature 403, 503−511 (2000).

paper.doc
March 14, 2001



9. Khan,J. et al. Gene expression profiling of alveolar rhabdomyosarcoma with cDNA

microarrays. Cancer Res. 58, 5009−5013 (1998).

10. Perou,C.M. et al. Distinctive gene expression patterns in human mammary epithelial

cells and breast cancers. Proc. Natl. Acad. Sci. USA 9212, 9217 (1999).

11. Alter,O., Brown,P.O. & Botstein,D. Singular value decomposition for genome−wide

expression data processing and modeling. Proc Natl Acad Sci USA 97, 10101−10106

(2000).

12. West,M., Nevins,J.R., Marks,J.R., Spang,R. & Zuzan,H. Bayesian regression analysis

in the "large p, small n" paradigm with application in DNA microarray studies. Manuscript

submitted (2000).

13. Shek,L.L. & Godolphin,W. Model for breast cancer survival: relative prognostic roles

of axillary nodal status, TNM stage, estrogen receptor concentration, and tumor necrosis.

Cancer Res. 48, 5565−5569 (1988).

14. Hedenfalk,I. et al. Gene expression profiles in hereditary breast cancer. N. Engl. J.

Med. 344, 539−548 (2001).

15. Kjaergaard,J., Blichert−Toft,M., Andersen,J.A., Rank,F. & Pedersen,B.V. Probability

of false negative nodal staging in conjunction with partial axillary dissection in breast

cancer. Br. J. Surg. 72, 365−367 (1985).

16. Hill,A.D. et al. Lessons learned from 500 cases of lymphatic mapping for breast

cancer. Ann. Surg. 231, 148−149 (1999).

47



17. Pitton,C. et al. Presence of PAF−acether in human breast carcinoma: relation to

axillary lymph node metastasis. J. Natl Cancer Inst 81, 1298−1302 (1989).

18. Im,S.Y. et al. Augmentation of tumor metastasis by platelet−activating factor. Cancer

Res 56, 2662−2665 (1996).

19. Zhang,M., Shi,Y., Magit,D., Furth,P.A. & Sager,R. Reduced mammary tumor

progression in WAP−TAg/WAP−maspin bitransgenic mice. Oncogene 19, 6053−6058

(2000).

20. Xiao,G. et al. Suppression of breast cancer growth and metastasis by a serpin

myoepithelium−derived serine proteinase inhibitor expressed in the mammary

myoepithelial cells. Proc. Nat’l. Acad. Sci. U. S. A. 96, 3700−3705 (1999).

21. Sheng,S. et al. Maspin acts at the cell membrane to inhibit invasion and motility of

mammary and prostatic cancer cells. Proc Natl Acad Sci USA 93, 11669−11674 (1996).

22. Zou,Z. et al. Maspin, a serpin with tumor−suppressing activity in human mammary

epithelial cells. Science 263, 526−529 (1994).

23. Wang,G., Rudland,P.S., White,M.R. & Barraclough,R. Interaction in vivo and in vitro

of the metastasis−inducing S100 protein, S100A4 (p9Ka) with S100A1. J. Biol. Chem.

275, 11141−11146 (2000).

24. Carlin,J.B. Bayesian Data Analysis.  1996.  Chapman & Hall. 

Ref Type: Serial (Book,Monograph)

48



25. Johnson,V.E. & Albert,J.H. Ordinal Data Modeling.  1999.  Springer−Verlag. 

Ref Type: Serial (Book,Monograph)

26. Jeltsch,J.M. et al. Structure of the human oestrogen−responsive gene pS2. Nucl. Acids

Res. 15, 1401−1414 (1987).

27. Berry,M., Nunez,A.M. & Chambon,P. Estrogen−respnsive element of the human pS2

gene is an imperfectly palindromic sequence. Proc Natl Acad Sci USA 86, 1218−1222

(1989).

28. May,F.E. & Westley,B.R. Expression of human intestinal trefoil factor in malignant

cells and its regulation by oestrogen in breast cancer cells. J. Pathol. 182, 404−413 (1997).

29. Richmond,R.S., Carlson,C.S., Register,T.C., Shanker,G. & Loeser,R.F. Functional

estrogen receptors in adult articular cartilage: estrogen replacement therapy increases

chondrocyte synthesis of proteoglycans and insulin−like growth factor binding protein 2.

Arthritis Rheum. 43, 2081−2090 (2000).

30. Cardona−Gomez,G.P., Chowen,J.A. & Garcia−Segura,L.M. Estradiol and

progesterone regulate the expression of insulin−like growth factor−I receptor and insulin−

like growth factor binding protein−2 in the hypothalamus of adult female rats. J.

Neurobiol. 43, 269−281 (2000).

31. Matsuno,A. et al. Modulation of protein kinases and microtubule−associated proteins

and changes in ultrastructure in female rat pituitary cells: effects of estrogen and

bromocriptine. J. Histochem. Cytochem. 45, 805−813 (1997).

49



32. Hoch,R.V., Thompson,D.A., Baker,R.J. & Weigel,R.J. GATA−3 is expressed in

association with estrogen receptor in breast cancer. Int. J. Cancer 84, 122−128 (1999).

33. Yang,G.P., Ross,D.T., Kuang,W.W., Brown,P.O. & Weigel,R.J. Combining SSH and

cDNA microarrays for rapid identification of differentially expressed genes. Nucl. Acids

Res. 27, 1517−1523 (1999).

34. Bertucci,F. et al. Gene expression profiling of primary breast carcinomas using arrays

of candidate genes. Hum. Mol. Genet. 9, 2981−2991 (2000).

35. Jeng,M.H. et al. Estrogen receptor expression and function in long−term estrogen−

deprived human breast cancer cells. Endocrinology 139, 4164−4174 (1998).

36. Gudas,J.M., Klein,R.C., Oka,M. & Cowan,K.H. Posttranscriptional regulation of the

c−myb proto−oncogene in estrogen receptor−positive breast cancer cells. Clin. Cancer

Res. 1, 235−243 (1995).

37. Shao,Z.M., Radziszewski,W.J. & Barsky,S.H. Tamoxifen enhances myoepithelial cell

suppression of human breast carcinoma progression in vitro by two different effector

mechanisms. Cancer Lett.  157, 133−144 (2000).

38. Martin,K.J. et al. Linking gene expression patterns to therapeutic groups in breast

cancer. Cancer Res. 60, 2232−2238 (2000).

39. Robyr,D., Gegonne,A., Wolffe,A.P. & Wahli,W. Determinants of vitellogenin B1

promoter architecture.  HNF3 and estrogen responsive transcription within chromatin. J.

Biol. Chem. 275, 28291−28300 (2000).

50



40. Panet−Raymond,V., Gottlieb,B., Beitel,L.K., Pinsky,L. & Trifiro,M.A. Interactions

between androgen and estrogen receptors and the effects on their transactivational

properties. Mol. Cell Endocrinol. 167, 139−150 (2000).

41. Gillman,T.A. & Pennefather,J.N. Evidence for the presence of both P1 and P2

purinoceptors in the rat myometrium. Clin. Exp. Pharmacol. Physiol. 25, 592−599 (1998).

42. Schmidt,M. & Loffler,G. Induction of aromatase activity in human adipose tissue

stromal cells by extracellular nucleotides − evidence for P2 purinoceptors in adipose tissue.

Eur. J. Immunol.  252, 147−154 (1998).

43. el−Tanani,M.K. & Green,C.D. Insulin/IGF−1 modulation of the expression of two

estrogen−induced genes in MCF−7 cells. Mol. Cell Endocrinol. 121, 29−35 (1996).

44. Gilbert,L. et al. A pilot study of pi−class glutathione S−transferase expression in

breast cancer:  correlation with estrogen receptor expression and prognosis in node−

negative breast cancer. J. Clin. Oncol. 11, 49−58 (1993).

45. Fanelli,M.A., Cuello Carrion,F.D., Dekker,J., Schoemaker,J. & Ciocca,D.R.

Serological detection of heat shcok protein hsp27 in normal and breast cancer patients.

Cancer Epidemiol. Biomarkers Prev. 7, 791−795 (1998).

46. Rochefort,H. Oestrogen− and anti−oestrogen−regulated genes in human breast cancer.

Ciba Found. Symp. 191, 254−265 (1995).

47. Prevot,D. et al. Relationships of the antiproliferative proteins BTG1 and BTG2 with

CAF1, the human homolog of a component of the yeast CCR4 transcriptional complex:

51



involvement in estrogen receptor (alpha) signaling pathway. J. Biol. Chem. in press,

(2001).

48. Carmeci,C. et al. Moesin expression is associated with the estrogen receptor negative

breast cancer phenotype. Surgery 124, 211−217 (1998).

52


