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ABSTRACT

Motivation: DNA microarrays have revolutionized biological
research, but their reliability and accuracy have not been
extensively evaluated. Thorough testing of microarrays
through comparison to dissimilar gene expression methods
is necessary in order to determine their accuracy.

Results: We have systematically compared three global gene
expression methods on all available histologically normal
samples from five human organ types. The data included 25
Affymetrix high-density oligonucleotide array experiments, 23
expressed sequence tag based expression (EBE) experiments
and 5 SAGE experiments. The reported gene-by-gene expres-
sion patterns showed a wide range of correlations between
pairs of methods. This level of agreement was sufficient for
accurate clustering of datasets from the same tissue and
dissimilar methods, but highlights the need for thorough valida-
tion of individual gene expression measurements by alternate,
non-global methods. Furthermore, analyses of mMRNA abund-
ance distributions indicate limitations in the EBE and SAGE
methods at both high- and low-expression levels.

Contact: zhiping@bu.edu

INTRODUCTION

The ability of DNA microarrays to measure global gene
expression with asingle experiment hasled to aparadigm shift
in medical and basic biological research. Recent examples
include identification of significant gene expression patterns
for differentiating between histologically similar leukemias
and discovering novel leukemiasubtypes(Golub et al., 1999),
prediction of the disease outcome of childhood cancers
(Pomeroy et al., 2002) and identification of candidate genes
involved in medulloblastoma metastasis (MacDonald et al.,
2001). The application of microarraysis so broad that tens of
variants of the technology have been developed, in general

*To whom correspondence should be addressed.

falling into two categories: high-density oligonucleotide
arrays (HDAS) (Lockhart et al., 1996) and long cDNA probe
arrays (lyer et al., 1999). HDAs are constructed with sets of
short synthesized oligonucleotides (probes), each set being
specific to atranscript of interest. Affymetrix HDAs also pair
each of their 25 nt perfect match probes with a mismatch
probe, which differs from the perfect match probe only in the
central nuclectide. Since mismatch probes display signific-
antly decreased affinity for thetarget transcript, they areinten-
ded to estimate non-specific binding or cross-hybridization
(Lockhart et al., 1996). This feature of Affymetrix HDAs is
intended to measure gene transcription levels in an absolute
and specific manner.

Despite the impact of HDAs, their results are gener-
ally considered to require validation before interpretation.
This stems primarily from the potential for inaccurate cross-
hybridization between probes and unintended transcripts. In
addition, even with recent cost reductions, HDA analyses are
rarely performed with sufficient numbers of control and rep-
licate experiments. Sincethere are often vastly morevariables
than data points, the statistical significance of the conclusions
drawn from such studies have been difficult to assess. Quantit-
ative RT-PCR is a common method for validating microarray
results (Chuaqui et al., 2002), but it is too time and resource
consuming to be used for large-scale validation. It has been
proposed (Chuaqui et al., 2002) that comparison to large-
scale, sequencing-based expression methods may be useful
for validation of microarray results. Here, we test this pro-
posal by comparing HDA data to those from two alternative
global methods: expressed sequencetag (EST) Based Expres-
sion analysis (EBE) and Serial Analysis of Gene Expression
(SAGE).

EBE infers gene expression levels from the abundances
of ESTs representing different genes in a cDNA library.
If the library is prepared without normalization or subtrac-
tion (i.e. procedures that disturb the quantification of the
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initial proportions of MRNAS), the resulting population of
ESTs represents a snapshot of gene expression in an RNA
sample. SAGE is based on the principle that unique short
sequence tags (10 bp) can potentialy distinguish all tran-
scripts in a genome (Velculescu et al., 1995). During SAGE
analysis, such tags are concatamerized, cloned and then
sequenced.

Detailed comparison of HDAswith such other gene expres-
sion techniques has been limited, although with the rapid
development of microarray technology, more and more data
are becoming publicly available. Among them are HDA
(Butte et al., 2000) and cDNA microarray (Ross et al., 2000)
gene expression experiments by separate laboratories on a
standard panel of 60 cancer cell lines from the National
Cancer Ingtitute (NCI 60). A subsequent study reported min-
ima correlation between these two datasets (Kuo et al.,
2002), which draws attention to the need for an independ-
ent method to resolve discrepancies. In an even more direct
comparison of results from different global gene expres-
sion profiling methods, two RNA samples, prepared in the
same laboratory from monocytes and induced macrophages
were analyzed by HDA and SAGE. The top 50 most highly
expressed genes identified by the two techniques overlapped
only ~50% Similar levels of agreement were observed for
the genes with the largest positive and negative differencesin
expression when monocyte gene expression levelswere com-
pared with those in macrophage (Ishii et al., 2000). Thus,
although a large proportion of the measurements by either
method are likely to be correct, additional input is neces-
sary to determine which method is correct in the remaining
cases. Yuen et al. (2002) performed a three-way compar-
ison of HDA and cDNA arrays with Quantitative real-time
RT-PCR (QRT-PCR) to measure the expression level dif-
ferences in 47 genes in five pairs of mRNA samples from
a gonadotrope cell line treated with gonadotropin-releasing
hormone or vehicle. Only three pairs of samples were tested
by both HDA and QRT-PCR, and one pair was tested by
al three techniques. Both array techniques were able to
identify most of the genes that had previously been identi-
fied as being regulated under these experimental conditions;
however, both array methods generally underestimated the
magnitudes of MRNA abundance changes. Finaly, although
the datawere available, the authors did not analyze the ability
of HDAs to measure absolute expression levels (Yuen et al.,
2002).

Inthisstudy, weexploredtherel ative abilitiesof threeglobal
gene expression methods, HDA, SAGE and EBE, to measure
gene expression levels. This comparison allowed usto invest-
igate the accuracy of individual methods and the possibility
of combining global gene expression datasets from different
methods to generate more reliable data. We use amuch larger
dataset than in previous studies in order to survey the agree-
ment across multiple tissue types and laboratories. The EBE
method identifies transcripts using relatively long sequences,

which can potentially provide higher accuracy. Therefore,
EBE could potentialy resolve discrepancies between HDA
and SAGE, observed previoudly (Ishii et al., 2000). We show
that the agreement between the methods was highly variable
from gene to gene. Although agreement is considerable for
some genes, a large proportion of individual mMRNA abund-
ance measurements differ dramatically between methods. In
addition, our analyses highlight specific limitations in the
dynamic ranges of SAGE and EBE. These findings indicate
the need for gene-by-gene validation of important global gene
expression measurements using non-globa methods and cast
doubt on the feasibility of combining global gene expression
methods as a means for increasing confidence in expression
results.

MATERIALS AND METHODS
Data collection

Data were collected from three public sources. Affymetrix
oligonucleotide microarray data were obtained from the
Human Gene Expression Index (Hugelndex) database
(Hsiao et al.,, 2001; Haverty et al., 2002) and re-pro-
cessed using Affymetrix MAS 5.0 (Affymetrix, 2001
www.affymetrix.com/support/techni cal/technotes/statistical_
reference_guide.pdf ). We selected 25 HDA experimentsfrom
the Hugel ndex representing five human organs also available
in EBE and SAGE datasets (brain, kidney, liver, lung and
muscle). The 25 experiments were selected from 35 avail-
able experiments with these organ types, as some of the HDA
experiments in the Hugelndex have been shown to exhibit
saturation (Hsiao et al., 2002). We created scatter plots for
al pairs of experiments within one organ type and selec-
ted only those experiments that did not exhibit saturation.
Saturation was indicated by a consistent upper threshold in
one experiment’s expression values relative to other experi-
ments from the same organ type. All HDA experiments were
performed using Affymetrix GeneChip® Hu6800 oligonuc-
leotide arrays, which probe for mRNA from 6939 genes.
Although more current chip designs exist, these data are
the most appropriate available given the unique nature of
this large study of gene expression in norma human tis-
sue. Redundancies in microarray gene to EBE/SAGE gene
associations were resolved by removing 111 genes from the
dataset that were represented by multiple probe sets on the
Affymetrix HDA. This was done because the level of expres-
sion reported by these multiple probe sets, usually specific
to different regions of the transcript, were not identical. The
tissue sampleswereidentified as histologically normal. Addi-
tional information about these data was published previously
(Hsiao et al., 2001).

In order to construct the EBE dataset, a parser was written
to select al libraries from NCBI’s libs.Hs file (downloaded
4/19/01) that met the following requirements for preserving

3432



Comparison of three global gene expression methods

the proportions of transcripts from different genes: (1) non-
normalized and (2) non-subtracted. Libraries were also
required to meet the following conditions to be appropriately
compared to HDA data: (1) normal tissue, (2) primary cells,
(3) unambiguously stated organ type and (4) a library size
of more than 500 ESTs. A tota of 23 libraries were obtained.
Five of these libraries were accompanied by annotation which
stated that the first round of RT-PCR used an oligo (dT)
primer. Theinitial priming method for the remaining libraries
was unavailable.

In order to link ESTs with the genes they represent, we
used the Uni Gene (Boguski and Schuler, 1995) resource from
the NCBI. We parsed a text file, data.Hs (downloaded from
the NCBI FTP server 4/17/01), representing these clustersin
an automated fashion. For each cluster we obtained a Uni-
Gene ID, the name of the gene represented by the cluster
and the GenBank accessions of the sequences included in
the cluster. Genes from the HDAs were associated with spe-
cific clusters by identifying the UniGene cluster that included
the GenBank accession number of each of the genes on the
HDA. We unambiguously linked 4630 of the 6939 HDA
genes to a UniGene cluster. EST libraries from the five
organs used in this study contained 3389 of these genes.
This set of 3389 genes was used for al comparisons in this
study.

SAGE experiments were selected from the NCBI's
SAGEmap resource (Lash et al., 2000). All available SAGE
experiments performed using normal human tissue from the
brain, kidney, liver, lung and muscle were downloaded. Two
experiments using muscle tissue and one experiment each
for the other four organs were obtained. Of the two muscle
experimentsavailable (GSM819 and GSM 824), GSM 824 was
chosen to represent muscle tissue, as the ages of the tissue
donorsmoreclosely matched those of the muscletissuedonors
fromtheHDA studies. Theageof the EBE muscleti ssue donor
was unavailable. All SAGE tissue samples were identified as
normal in the NCBI documentation.

Calculating HDA, SAGE and EBE expression
values

We calculated the EBE levels of each gene both within each
library and for each organ type. Raw expression levels rep-
resent the number of ESTs corresponding to a certain gene
within a particular library. Normalized expression levels in
a library, in units of tags per million (tpm), were calcu-
lated as the raw expression level for a gene in a given
library divided by the sum of all raw expression levels recor-
ded for al genes in that library, multiplied by 1000000
(1). Normalized expression levels in an organ type, in
tpm, were calculated as the sum of raw EBE expression
levels for a given gene in al libraries of that organ type,
divided by the total number of ESTs for al genes in lib-
raries of that organ type and then multiplied by 1000000
(2). These normalized expression levels will be referred to as
the EBE expression levels and overall organ EBE expression

levels, respectively.

No. of ESTsfrom Genei in Library j
Total no. of ESTsin Library j

EBE = ( ) x 1000000. (1)

Organ EBE = (No. of ESTsfrom Genei in Organ k Libraries)

Total no. of ESTsin Organ k Libraries
x 1000 000. 2

HDA expression levels were those reported by the
GeneChip® Software (Affymetrix Microarray Suite 5.0%).
This software scaled the raw intensities so that the mean
expression level on the entire microarray was equal to 100,
in order to allow comparison among multiple microarray
datasets. We purposefully did not perform any normalization
between datafrom separate platformsin order to avoid disturb-
ing the integrity of the data with additional transformations.
The use of correlation as a measure to compare experiments
dleviates any potential problems arising from small differ-
encesin scale. Organ HDA expression levels were calcul ated
asthe average of HDA expression levelsof agiven geneinall
experiments within a given organ.

SAGE expression levels, in tpm, were calculated for each
of the five SAGE experiments. The data obtained from the
NCBI consisted of raw counts of each of the 10 nt long
SAGE tags for a particular experiment as well as the total
number of tags obtained. SAGE tags were associated with
GenBank accession numbersfrom the HDA and EBE datasets
using build 29 of the NCBI SAGE tag to UniGene map-
pings (http://www.nchi.nlm.nih.gov/SAGE/index.cgi?cmd=
mappings). In cases where multiple options for this SAGE
tag to UniGene cluster mapping were provided, we used the
mapping listed as the most reliable, because the addition of
the 108 additional genesidentified by non-unique tags gener-
aly improved resultsto asmall degree. Once SAGE tagswere
mapped to a UniGene cluster, these UniGene cluster identifi-
erswere used to link each tag to aGenBank accession number
inthe same manner used to match genesfrom the HDA dataset
to genesin the EBE dataset. As genes were often represented
by multiple sequence tags, SAGE expression levels for each
genewerecal culated asthe sum of all normalized countsfor all
tags corresponding to a given accession number. Normalized
counts, in tpm, were calculated for each gene (3).

Normalized SAGE expression — (NO' of tags for ge”e>

Total no. of tags
x 1000 000. (3)

Clustering

Hierarchical clustering and K-means clustering were each
performed using Matlab version 6.5 (http://www.mathworks.
com). For the K -meansclustering, theinitial clusterswerecre-
ated by randomly selecting five of the experiments as initial
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Table 1. Accuracy of K-means clustering?

Data sources ARIP Number of genes®
HDA, SAGE, EBE 0.41 1603
HDA, SAGE 0.82 149
HDA, EBE 0.45 1598
SAGE, EBE 0.30 2538
HDA 1.00 146
EBE 0.35 2334

aAccuracy of clustersobtained using different datasetsindividually andingroups. Accur-
acy was judged by comparing clusters to the ideal case where each cluster contains all
experiments of one and only one organ type.

bAdjusted Rand Index, ameasure of clustering accuracy.

¢The number of the 3389 genes being studied that had a CV over 250%.

centroids. Each K-means clustering was repeated 100 times
using a new random sampling of initial centroids in order
to avoid local minima. We used average-linkage method for
the hierarchical clustering. Correlation was chosen asthedis-
tance metric for both clustering methods. We calculated the
Adjusted Rand Index for the K-means data using the for-
mulain Yeung et al. (2001). In cases where SAGE or EBE
did not detect the expression level of a gene, that gene was
assigned an expression level of zero in the SAGE or EBE
data. Before clustering, the dataset was filtered to remove
genesthat showed insignificant level sof variationinsignal and
thuswould obscurereal differencesbetween experiments. The
coefficient of variation (CV) was calculated for all expression
values for each gene across al experiments, and only genes
with CV values greater than a chosen cut-off (250%) were
used for clustering. Table 1 lists the number of genes passing
this threshold for each clustering.

RESULTS

Three sets of global human gene expression data generated
with different methods were compiled. They consisted of
Affymetrix GeneChip® HDA data from the Hugelndex data-
base (Haverty et al., 2002), all available SAGE dataof similar
sample types from the NCBI's SAGEmap resource (Lash
et al., 2000) and a dataset generated using EBE with all
applicable EST libraries from dbEST (Boguski et al., 1993).
These datasets provided global gene expression information
for five human organs (brain, kidney, liver, lung and muscle).
In total, 25 HDA experiments, 23 EBE experiments and 5
SAGE experiments were compared over a set of 3389 genes,
although not all of these geneshad detectableexpressionlevels
by each method in every experiment.

Biological replicate variations within each method

Inorder to assessthereliability of the platforms, we cal culated
the CV for the measurements obtained with each platform on
a gene-by-gene basis. There was only one experiment per-
formed for EBE on muscle and for SAGE on each organ type;

therefore, thisanalysiswas not possible for these cases. Thus,
CV was computed for HDA and EBE on brain, kidney, liver
and lung. Figure 1 shows the distribution of CV values for
HDA and EBE, which indicates atrend for much greater vari-
ability in EBE measurementsrelativeto that in HDA data. We
restricted the analysis to the genes of which more than half of
the measurements for a given organ were non-zero, for both
HDA and EBE. This restriction avoided situations where a
method failed to detect the expression of a gene in multiple
samples, thusgiving afal seimpression of low variability. With
thisgenefilter, thegenelistswerereduced to 26, 22, 56 and 65
genes for brain, kidney, liver and lung, respectively. A range
of other cutoffs were analyzed, resulting in similar findings
both in terms of the higher level of EBE variation relative to
that of HDA and of the magnitudes of the CVs.

Correlation of single gene expression patterns
between platforms

Spearman rank correlations were calculated to measure the
agreement among the three platforms regarding the pattern
of agene's expression across the five organs. When multiple
experiments were available for an organ type, the average
expression vaue for each gene was used. Genes may appear
to have the same pattern of expression between two methods
when, in fact, the actual pattern of expression for that gene
was not detected by either method. Thus, wefiltered the gene
lists based on the proportion of average expression values
reported aszero. A range of the proportion of non-zero average
expression values was tested. Figure 2 depicts the resulting
distributions of correlations at two extreme cutoffs.

Figure 2a shows the distribution of correlation values when
at least one of the five values (corresponding to five organ
types) was required to be non-zero for each of the three data
sets. Only 1996 of 3390 genes passed this filter. Here, the
median correlation is very low between each pair of meth-
ods. HDA and SAGE generally show the greatest agreement,
SAGE and EBE tend to agreeless, and the agreement between
HDA and EBE appearsto be in random (R = 0.00, 0.10 and
0.33for HDA versusEBE, EBE versus SAGE and HDA versus
SAGE, respectively). Figure 2b shows the same distributions
when four or more of thefive average organ expression values
were required to be non-zero for each of the three methods,
including 42 genes. This much smaller, but higher quality
subset of data shows a trend opposite to that in Figure 2a.
Here, the HDA versus EBE and EBE versus SAGE compar-
isons show much higher median correlation values(R = 0.50,
0.50 and 0.30 for HDA versus EBE, EBE versus SAGE and
HDA versus SAGE, respectively). The HDA versus EBE dis-
tribution is particularly tightly grouped around the region of
R = 0.5 indicating that a large proportion of these selec-
ted expression patterns might be considered meaningful. The
HDA versus SAGE distributionislargely unchanged from that
in Figure 2a.
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Fig. 1. Variability of expression measurements between replicate samples. Box and Whisker plots show the distributions of the CV for
biological replicate measurements of expression for individua genes. Box and Whisker plots provide a simple description of a distribution
of values by depicting the 25th and 75th percentile val ues as the bottom and top of a box, respectively. The median valueis marked by aline
within the box and the minimum and maximum values are depicted by error bars, or whiskers, protruding from the box. In order to remove
spuriously low-variation examples, genes were filtered to include only those for which >50% of measurements were greater than zero for
each platform. The EBE muscle and SAGE experiments have only one replicate per organ and therefore are not included in the analysis.

Comparison of distributions of gene expression
levelsreveal limitations of different methods

To investigate whether any method has a systematic bias, we
aso compared the distributions of all gene expression levels
(after log,q transformation) as measured by HDA, SAGE or
EBE. In Figure 3a—c, we plot the histograms of the average
expression levels for each method. The distribution of HDA
measurements follows a bell curve, with roughly equal num-
bers of low- and high-expression genes. In contrast, both
SAGE and EBE lack thelow-valuetail, which may indicatethe

insensitivity of these techniques in detecting low-expression
levels.

To directly compare the distributions of expression levels
measured by two methods, we a so plotted Quantile-Quantile
(Q—Q) comparisons between any two methods (Fig. 3d-)
using the R statistical package (http://www.r-project.org;
version 1.6.2). Each Quantile point adopts the value that
is greater than or equal to the expression levels of a certain
percentage (or quantile) of genes. For example, the 90%
quantile point for the SAGE distributions represents the value
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Fig. 2. Correlations of gene expression values across organ types.
Box and Whisker plots show the distributions of Spearman rank cor-
relationsof single-geneexpression acrossfiveorgans. (a) Geneswere
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mentswas greater than zero for each of the three platforms, resulting
inalist of 1996 genes. (b) Genes were filtered to remove examples
where at least four of the five measurements were greater than zero
for each of the three examples, resulting in alist of 42 genes.

that is >90% of all SAGE values, or 137 tpm. A Q-Q plot
compares two distributions, with a diagonal line indicating
a perfect correspondence. The advantage of such plots is
that distributions of different units (e.g. tpm versus fluores-
cent intensity) can be directly compared. The SAGE-EBE
Q-Q plot forms nearly a straight diagonal line, indicating
the high similarity between SAGE and EBE gene expres-
sion distributions. The most obvious difference between these
two distributions is the jump prior to the highest quantile,
where only EBE reports very high levels of expression. This
jump aso exists in the HDA-EBE Q-Q plot, suggesting
that identification of a few very highly expressed genes is
unique to EBE. We suggest that some stage of the EST lib-
rary construction, such as the growth of the cloned cDNAsin
bacteria, results in a few genes appearing to have extremely
high-expression values. A recent publication provides some
support for the presence of extreme values on the high end

of the EBE distribution by demonstrating that statistical tests
for co-expression using EBE data are more specific when it
is assumed that the values follow a log—normal distribution
rather than a normal distribution (Price and Rieffel, 2004).

The HDA distribution (Fig. 3c) is unique in having a
much higher proportion of low values. The difference is
also reflected in the HDA-SAGE and HDA-EBE Q-Q plots,
where the curves substantially deviate away from the diag-
onal and toward the HDA axis at lower values. The difference
reflects the different sampling techniques of the three meth-
ods. SAGE and EBE are sequencing based while HDA is
hybridization based. Sequencing-based samplingisinherently
limited by the total number of genes that can be sequenced,
and may not be sufficiently sensitive to detect genes with
low-expression levels.

The Q-Q plots aso revea differencesin the upper expres-
sion values of the three methods. The HDA distribution shows
anoticeably smaller abundance of high-expression valuesthan
do those of SAGE and EBE. We investigated whether this
could be explained by redundant clustersof ESTsin UniGene,
whichwasthebasisfor constructing the EBE and SAGE data-
sets in this study. Theoretically, UniGene redundancy could
reduce apparent EBE or SAGE expression values by assign-
ing sequences corresponding to a single gene to multiple
UniGene clusters. Genes not affected by such redundancy
might therefore exhibit relatively high EBE or SAGE expres-
sion values. The presence of at least one full-length mRNA
sequence in a cluster should ensure that all sequences from
that gene are included in that cluster. However, removing
genes from the analysis that did not correspond to a cluster
with a sequence annotated as ‘complete CDs' did not signi-
ficantly change the distributions (data not shown). A second
explanationfor thedifferent distribution profilesat high values
could be the effects of subtracting mismatch probeintensities
from perfect match probe intensities in the process of calcu-
lating HDA expression values. It has been documented that
overestimates of background hybridization using the current
Affymetrix HDA analysis software, MAS 5.0, can lead to
underestimates of large magnitude expression (lrizarry et al.,
2003). Interestingly, the use of background hybridization by
MAS 5.0 has also been shown to contribute to the higher vari-
ability in quantifying low abundance transcripts (Han et al.,
2004). This variability at low expression levels is somewhat
expected, as the relative magnitude of errors with respect
to background fluorescence intensity increases as the signal
decreases (Quackenbush, 2002).

Co-clustering of experiments of dissimilar
methodology from the same organ

We performed clustering analysis to further compare HDA,
EBE and SAGE. Our goals were to judge the ability of each
method in classifying gene expression patterns according
to organ types and to evaluate the similarity of these clas-
sifications by the three methods. Grouping of experiments
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performed with one method on the same organ type would
suggest high internal consistency. Clustering behavior of this
type hasbeen documented previously (Rosset al ., 2000; Hsiao
etal., 2001). We were also interested in investigating whether
experiments performed using different methods on the same
organ would cluster together. To the best of our knowledge,
no such analysis has been performed before.

We used both K-means and hierarchical clustering tech-
nigues. Hierarchical clustering provides a visual description
(atree) of the relationships between experiments; however,
it is not straightforward to convert a tree into some number
of clusters (five clusters in our case, corresponding to five
organ types). K -means clustering is more powerful for divid-
ing data into distinct groups without an obvious hierarchical
structure. The quality of a K-means clustering result can be
measured using the Adjusted Rand Index (ARI) (Yeung et al.,
2001), which quantifiesthe deviation fromthe optimal cluster-
ing, defined as all experiments of each organ type exclusively
belonging to a distinct cluster. ARI has an expected value of
0 for random results and avalue of 1 for perfect clustering.

The ARI valuesfor K -means clustering on various datasets
are listed in Table 1. HDA data were separated perfectly by
both clustering methods (indicated by an ARI value of 1;
tree not shown). Although imperfect, EBE data showed clear
grouping of experiments from like organs. Figure 4a presents
the tree produced by hierarchical clustering of EBE data. All
eight lung samples formed one cluster. Distinct clusters were
al so observed for samplesfrom two other organs: the two kid-
ney samples and the two liver samples. The only organ that
was not perfectly classified was brain. Seven out of ten brain
sampleswere grouped together. Two othersweregrouped with
kidney samples, and brain#8 grouped with lung samples. This
could reflect the inherent heterogeneity of the brain tissue.
Similarly, the K-means clustering of EBE data resulted in
ARI of 0.35.

The ARI value was considerably lower for EBE (0.35) than
for HDA (1). Nevertheless, the K-means clusters (data not
shown) and hierarchical clustering tree (Fig. 4a) indicate that
the EBE samples are largely clustered correctly. The ARI
scoring scheme tends to penalize the mixing of two clusters
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Fig.4. (a) Hierarchica clustering of all EBE experiments. The EBE experimentswere clustered using average-linkage clustering as described
in Materials and Methods section. (b) Hierarchical clustering of all experiments. All SAGE, EBE and HDA experiments were clustered using
average-linkage clustering as described in Materials and Methods section.
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even when these clusters have been correctly discriminated
from samples of other types. Therefore, ARI values near 1
would be obtained only in near-ideal casesand relatively low-
ARI values may still be significant.

The K-means clustering using two data types led to ARI
between 0.30 (EBE and SAGE) and 0.82 (HDA and SAGE).
Thelowest ARI for EBE and SAGE experimentsisunexpected
given the similaritiesin methodol ogy between these methods.
Interestingly, adding HDA data to EBE improved the ARI
from 0.35 to 0.45, indicating some agreement between these
two methods. Unfortunately, we could not assessany potential
ability of EBE or SAGE data to improve the clustering of the
HDA data due to the already highly accurate clustering of the
HDA dataalone. The K -means clustering using all three data
types led to reasonably good results (ARl = 0.41).

The tree produced by hierarchical clustering is shown in
Figure 4b. Two organ types were sorted out entirely. At the
bottom of the tree, we observe one cluster formed by al three
HDA muscle experiments, the only EBE muscle experiment
and the only SAGE muscle experiment. Similarly, all six liver
experiments form another cluster (three HDA, two EBE and
one SAGE). At the top of the tree, there is a large cluster
that contains al 11 HDA brain experiments and 4 EBE brain
experiments. For the rest of the tree, we largely see group-
ing within individual methods, with two exceptions: (1) EBE
lung #6 is grouped with the cluster containing all four HDA
lung experiments and (2) EBE lung #7 is grouped with the
only SAGE lung experiment. The SAGE muscle and liver
samples cluster well with the other data types and the clus-
tering of the SAGE lung sample with an EBE lung sample
may be significant (Fig. 4b), but without additional SAGE
samplesit isimpossible to address the frequency of such pos-
itive results. Likewise, the clustering of the SAGE brain and
kidney samples (Fig. 4b) may indicate an artifact of the SAGE
method, but this statement reguires the support of additional
samples.

Thesame CV cutoff was used for the clustering experiments
in order to put the three methods on an equal footing and fur-
ther explore the effects of internal variability on the utility
of the data. Similar results were obtained when CV cutoffs
were selected to obtain similar numbers of genes for each
method. For example, the CV cutoff had a minimal effect
on the quality of the K-means clustering of the HDA data
by itself. Reducing the CV cutoff from 250 to 100% resul-
ted in the selection of 2499 genes, which was more in line
with the 2334 genes selected for EBE using the CV cutoff
of 250%. This larger group of genes also produced an ARI
of 1. When clustering two or more data types together it
was hecessary to apply the same CV cutoff to all data in
order to obtain a single set of genes with which to cluster
all of the experiments. However, the K-means ARIs for the
clustering of HDA, EBE and SAGE was in the range of
0.38-0.51 for CV cutoffs of 150-500%, resulting in 3262 to
214 genes.

DISCUSSION

Given the immense popul arity and expansive scope of global
gene expression technologies, it is critical to perform cross-
platform comparison. Here we compare Affymetrix HDAs
with two orthogonal methods, SAGE and EBE, on normal
tissue from five organ types. Our goal for this study was to
explore the limit of cross-platform consistency and to evalu-
ate the feasibility of combining datafrom different sourcesto
increasetheaccuracy of global gene expression measurements
or to validate results for a small set of genes. Our analyses
show highly variable, yet for some genes considerable, levels
of agreement between the methods. Thelarge numbersof con-
trasting measurements for individual gene expression levels
dictate that data from any one source be interpreted with
great care, and that use of multiple global gene profil-
ing methods cannot necessarily, by themselves, resolve the
problem.

Performance of the individual methods

The clustering of data from the same organ and dissim-
ilar methods (Fig. 4b) shows that the three methods provide
similar pictures of global gene expression. HDA performs
somewhat better in thisregard than do SAGE and EBE, indic-
ated by themorereliable clustering of theHDA data(Table 1).
Oneshouldtakeinto account, however, that some of the appar-
ently higher reliability of the HDA datain our study may be
duetothefact that all of the HDA dataoriginated fromasingle
laboratory, and thus were subject to fewer sources of variabil-
ity. Although this difference would appear to be confounding,
in practice EBE analysisisamost exclusively performed with
collections of existing data, while HDAs are generally used
in specificaly designed experiments. The limited number of
SAGE samplesmakesinterpretation of the SAGE results diffi-
cult. Thelimited availability of SAGE samplesalso precludes
theanalysisof internal variation for SAGE by CV (Fig. 1) and
by clustering of SAGE samples alone. If larger collections of
SAGE data are created in the future, it will be informative to
address these issues.

Even if the overall picture of gene expression provided by
any one method is sufficiently accurate and detailed to make
general claims about the differences between two samples,
the measurements of individual gene expression levels can
be different in a disconcertingly large proportion of cases.
Many genes show high correlation between methods, espe-
cialy if proper filtering is applied to limit the analysis to
meaningful EBE and SAGE results (Fig. 2b). However, it
ismoreimportant to note that the spread of correlation values
isquitewidein all casesindicating highly variable accuracies
in at least two, if not al three, of the methods. In light of
thesefindings, the validation of global gene expression assays
is even more critically important than was believed previ-
oudly. The individual gene EBE or SAGE expression data
provided by resources such as GeneCards (Rebhan et al.,
1997, http://www.bioinformatics.weizmann.ac.il/cards/) or
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CGAP's Digital Northern (Lash et al., 2000), respectively,
should certainly be interpreted with care.

Potential for combining methods

This study addresses the possibility of sharing, combining
and comparing expression data from different sources and
on different platforms. If such sharing is possible, expres-
sion analyses can be made simpler and more powerful. For
example, once the expression analysis of anormal tissue/cell
type has been performed, the results could be used as the
reference for comparison with numerous disease conditions
or experimental perturbations to detect genes with altered
expression. Combining methods in this global way could, in
theory, serveto increase the statistical power of analysistools
by increasing the number of control replicates. Alternatively,
datafrom another global platform could potentially be used to
confirm patterns of expression detected in animportant subset
of genes. Datafrom multiple methods could al so be combined
to escape the limitations of any one method.

The results of our analyses suggest that HDA data could
be combined with SAGE or EBE to provide additiona con-
fidence on those expression measurements for which two or
more methods show high level s of agreement. Such comparis-
ons could be used to extract ahigh-confidence subset of genes
that describe the unique properties of a particular tissue type,
for example. However, given the abundance of single gene
disagreements among the three methods, combining two or
more of these methods in order to confirm expression pat-
ternsin a specific set of genesis not appropriate. At thistime
it would be advisable to rely on more accurate non-global
methods, such as QRT-PCR, for validation until such time as
techniques are developed to improve the reliability of SAGE
and EBE data or to discriminate high-quality datafrom lower
quality data.

Expression level specific limitations of SAGE and
EBE

Comparisons of the distributions of gene expression values
(Fig. 3) show limitationsin EBE and SAGE at certain expres-
sion levels. Both EBE and SAGE show a distinct lack of
low-expression valuesin contrast to HDA. Thisisinterpreted
as the inability of these sampling based methods to detect
transcripts below a certain abundance level. In addition, EBE
appears to exaggerate the expression level of the most highly
expressed genes.

Summary

Wereport highly variable agreement among three most widely
used global gene expression methods HDA, SAGE and EBE
onagene-by-genebasis. Thelevelsof agreement we observed
are enough to make genera statements about the similarit-
ies and differences among samplesin a clustering setting, but
emphasi zethe necessity of validating specific geneexpression
methods with gene-specific methods. At this time, sharing

data across platforms has only limited utility. Given the
complications with data source diversity and tissue hetero-
geneity, we believe that our study has pushed the consistency
among the three methods to its limit. However, existing
global gene expression methods are evolving and new meth-
ods are emerging rapidly. A similar comparison approach
can be used in the future to compare and calibrate diverse
methods.
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