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ABSTRACT

cDNA microarrays, combined with bioinformatics analyses, ar e becom-
ingincreasingly used in current medical research. Existing analytic meth-
ods, particularly those that are unsupervised, often have difficulty recog-
nizing subtle differences among predefined subgroups. In contrast,
supervised methods, such as Artificial Neural Networks (ANNS), are able
to recognize subtly different biological entities. We applied ANNs in a
proof-of-principle study of cDNA microarray data in esophageal cancer
(CA) and premalignancy. cDNA microarrays, each containing 8064
clones, were hybridized to RNAs from 22 esophageal lesions, including 14
Barrett’s esophagus (BA) metaplasias and 8 esophageal carcinomas (3
squamous cell carcinomas and 5 adenocar cinomas). Scanned cDNA mi-
croarray data were analyzed using the bioinformatics software Cluster/
TreeView, Significance Analysis of Microarrays (SAM), and ANNSs. Clus-
ter analysis based on all 8064 clones on the microarrays was unable to
correctly distinguish BA specimens from CA specimens. SAM then se-
lected 160 differentially expressed genes between Barrett’s and cancer.
Cluster analysis based on thisreduced set still misclassified 2 Barrett's as
cancers. The ANN was trained on 12 samples and tested against the
remaining 10 samples. Using the 160 selected genes, the ANN correctly
diagnosed all 10 samplesin thetest set. Finally, the 160 genes selected by
SAM may merit further study as biomarkers of neoplastic progression in
the esophagus, as well as in elucidating pathological mechanisms under-
lying BA and CA.

INTRODUCTION

Although the incidence of squamous cell carcinoma of the esoph-
agus has remained relatively constant, the incidence of esophageal
adenocarcinoma has steadily increased in recent years (1). In fact, in
the United States, the incidence of this cancer has been rising faster
than that of any other malignancy (2). Moreover, CA is usualy
discovered at an advanced stage and is rapidly fatal (3). Both 1-year
and 5-year survival rates for patients with esophageal carcinoma are
very low: 75% of untreated patients with CA die within 1 year of
diagnosis (4), whereas 5-year surviva rates are 25-30% (5). This
survival pattern applies to both squamous cell carcinoma and adeno-
carcinoma of the esophagus.

BA* is a premalignant condition caused by chronic gastroesopha-
geal reflux (6). Numerous scientific reports suggest that BA is a
precursor lesion for esophageal adenocarcinoma (7-9). Elucidation of
the molecular biology underlying malignant transformation in BA
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may lead to markers for early detection of carcinomas and enable
therapeutic interventions to prevent or treat these otherwise highly
lethal neoplasms (2).

In recent years, cONA microarray technology has brought new
hope to the field of cancer research. This technology has proven
capable of improving accuracy in disease classification, discrimina-
tive diagnostic power, and early lesion detection efficiency (10, 11).
Although cDNA microarrays have permitted the collection of expres-
sion information on thousands of genes simultaneously, anaysis of
this large amount of data has proven difficult. For this reason, numer-
ous hioinformatics strategies have been developed, including hierar-
chical clustering (12), multidimensional scaling (13), and ANNs (14,
15). For globa gene expression profiling, cONA microarray-gener-
ated information has been analyzed using hierarchical agglomerative
clustering techniques (10, 12, 16-22).

However, despite numerous advantages, clustering has a series of
drawbacks (14). It is an unsupervised classification method that may
group patient samples based on characteristics irrelevant to the clin-
ical question under study. In contrast, ANNSs are a supervised classi-
fication technique. Originally designed to mimic the parallel function-
ing of the mammalian brain, ANNs are mathematical information-
processing models composed of many units, named neurons. The
units in an ANN are highly interconnected by weighted links, very
similar to neural synapses. Another similarity between the mammalian
brain and ANNS is that they both learn by example. ANNs are
presented with sets of defining characteristics for the particular state
of an object, such as cDNA microarray data, by which ANNs are
taught the correct interpretation of this data (such as diagnosis). By
performing repetitive cycles, ANNs adjust the weights of links be-
tween neurons in order to associate input data with correct output.
After training with multiple input-output data pairs, ANNs are usually
able to make diagnoses on blinded input data. A schematic illustration
of these concepts is given in Fig. 1.

ANNSs have only been applied to medical research relatively re-
cently (23-25). They have been chosen as a primary analysis tool in
studies where other techniques were not accurate (14). ANNs are a
powerful method for interpreting data when it is abundant, contradic-
tory, biased, or complex (15).

A major aim of published microarray studiesis the identification of
differentially expressed genes between two sample groups (26, 27).
Genes identified from these comparisons are candidate targets for
diagnosis and therapy (28). This study of differentially expressed
genes could provide important new information regarding the pro-
gression of BA to cancer. Furthermore, these genes could unvell
pathologic pathways that would further our understanding of CA. One
method for identifying differentially expressed genes is SAM, a
software program developed at Stanford University (29). Using a
derivation of the unpaired Student t test, SAM assigns each gene a
score based on its change in average expression between two groups,
relative to the gene’s SD within each group. An estimate of the FDR,
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Fig. 1. A schematic representation of atypical ANN. One typical type of ANN has an
input layer, one or more hidden layers, and an output layer. The user of the ANN interacts
with the input and output layer (diagnosis), whereas the hidden layers are transparent. The
training set is composed of sets of microarray data paired with a correct diagnosis.
Multiple expression ratios from a microarray experiment comprise the input layer. This
information is processed from one layer to the next using multiple transfer functions or
formulas. Thefinal product of this processing isthe output layer, in this case, a provisional
diagnosis. The output produced by the first data passage through the ANN is compared
with the ideal output, in this case, a known clinical diagnosis, and an error is generated.
The error is backpropagated through the ANN, and the weights of various connections
between the neural units are adjusted, in an attempt to decrease this error. Once this
backpropagation reaches the input layer, another wave of forward processing begins and
reaches the output layer again, at which time, a new, smaller error is calculated. This
learning process is repeated until the ANN is able to make an accurate diagnosis on the
training set. After training, the ANN is presented with new microarray data from patients
in atest set.

i.e., the percentage of genes falsely reported as significant, is aso
provided.

In the current study, we show that ANNSs can discriminate between
subtly different clinical disease lesions, specifically, the premalignant
lesion BA versus CA, based on microarray-derived data. Moreover,
by applying SAM, we identified 160 clones that are significantly
differentially expressed between BA and CA.

MATERIALS AND METHODS

Tissues and Patients. Patients from the University of Maryland or Balti-
more VA Hospitals were enrolled in the study during a 3-year period. Pre-
sumptive diagnoses of BA or CA were confirmed by histological examination.
The criteria for BA were either complete intestinal metaplasia or specialized
columnar epithelium. Informed consent was obtained from all patients before
enrollment under a protocol approved by the University of Maryland/Balti-
more VA Hospital Ingtitutional Review Boards.

Preparation of Microarray Clones. The 95% nonredundant, sequence-
verified cDNA library prepared by the Lawrence Livermore Laboratories was
used as a source of clones (Research Genetics, Huntsville, AL). Inserts from
the first 8064 clones in this library were amplified for microarray printing.
Each bacteria stock (1 wl) was amplified in a 108-ul reaction containing 2.5
units of Tag polymerase (Life Sciences, Gaithersburg, MD). The master mix
for each 96-well plate contained 9.5 ml of double-distilled water, 1 ml of
10 X buffer, 10 ul each of 1000 um M 13 primers (forward and reverse), 20 ul
each of the four deoxynucleotide triphosphates (100 mm), and 50 ul of Taqg
polymerase (5 units/ul). PCR conditions consisted of an initial denaturation
step at 96°C for 30 sfollowed by 30 cycles of 45 sat 94°C, 45 s at 55°C, and
2min 30 sat 72°C, then concluded by afina extension of 5 min at 72°C. The
amplified inserts were then purified using a Qiagen PCR purification kit
(Qiagen) on a Qiagen BioRobot 9600 liquid handling robotic workstation.

After purification, PCR products were desiccated in 96-well plates using a
large Speed-vac apparatus, then reconstituted in 30 wl of distilled water.

Reference Probe. All microarrays were cohybridized to an experimental
aRNA and invariant reference probe. The reference probe was prepared from
an equimolar mixture containing RNAs from the cell lines HCT116, HT29,
CaCo-2, HCT15, HTB114, MCF-7, HelLa, and AGS. HTB114 was derived
from a patient with leukemia, HeLa was from a cervical cancer, MCF-7 was
from a breast cancer, and AGS was from a gastric cancer. The remaining four
cell lines (HCT116, HT29, CaCo-2, and HCT15) were derived from colorectal
cancers. The choice of cell linesincluded in the reference probe was influenced
by previous microarray studies (18, 19, 21, 30). These cell lines were chosen
to represent a variety of cell types to obtain a reference expression level on as
many genes as possible and to maintain consistency of experimental design
between studies. These cell lines were chosen as a source of reference probe
RNA before initiation of the current study; esophageal cell lines were not
available at the time of this study.

Extraction, Amplification, and Labeling of the aRNA Probe. Total
RNA (20-50 ng) was extracted from freshly frozen tissue by standard organic
methods and amplified with a T7-based protocol (31-33). For each two-way
comparison, 3-6 ug of aRNA prepared from the reference cells or esophageal
lesion were labeled by incorporating Cy3- or Cy5-labeled dCTP using random
primers and Superscript reverse transcriptase. The resulting probes were pu-
rified with a Microcon microcentrifuge filter device and recovered in avolume
of 25 pul.

Microarray Preparation. We prepared lysine-coated slides using National
Cancer Ingtitute-Advanced Technology Center and Stanford University proto-
cols.® cDNA clones were printed using eight pinsin a 32-pin print head (Majer
Precision Engineering, Tempe, AZ) on a GeneMachines Omnigrid Arrayer
(GeneMachines, Oxnard, CA). The printed slides were UV cross-linked,
post-treated with succinic anhydride to reduce background, and subjected to
hybridization. Each slide was incubated in 35 ul of hybridization solution
containing Cy3- and Cy5-labeled target, 1 wl of 50 X Denhardt’s blocking
solution (Sigma, St. Louis, MO), 20 ng of Human COT 1-DNA (Roche
Diagnostics Corp., Indianapolis, IN), 10 n.g of yeast tRNA (Roche Diagnostics
Corp.), and 8-10 ug of Poly-A (Roche Diagnostics Corp.) in 2.24 X SSC/
0.25% SDS under a 40 X 22-mm coverdlip at 65°C overnight in a final
hybridization volume of 35 ul. The slide was placed in a sealed hybridization
chamber (Teleckem, Sunnyvale, CA) containing two side wells with atotal of
50 ul of water for humidification at 65°C overnight. On the next day, the slide
was washed in 500 ml of 2 X SSC, 0.1% SDS at room temperature, during
which time the coverdlip fell off, and washing continued for 2 min. The slide
was then placed in 1 X SSC for 2 min at room temperature. Finaly, it was
washed once with 0.2 X SSC at room temperature and once with 0.05 X SSC
for 2 min and air dried. Each hybridized slide was scanned using a GenePix
4000A dual-laser slide scanning system (Axon) at wavelengths corresponding
to each probe's unique fluorescence (635 and 532 nm for Cy5 and Cy3,
respectively).

Hierarchical Agglomerative Clustering. Data imported from GenePix
was manipulated and clustered, using established algorithms implemented in
the software program Cluster (12, 22). Average linkage clustering with cen-
tered correlation was used. TreeView software (ibid.) generated visua repre-
sentations of clusters.

SAM Gene Filtering. The gene filtering process was performed using
SAM (29). Specifically designed for usage with microarray data, SAM is a
software program that reports the most statistically significant differentially
expressed genes between two groups of samples. In addition, SAM reports an
estimate of the median FDR, which is the percentage of genes falsely reported
as showing statistically significant differential expression. SAM uses an ago-
rithm based on the Student t test and also performs data permutations to
determine the FDR.

ANN Construction and Testing. We constructed an ANN using the soft-
ware program MatLab (MathWorks, Inc., Natick, MA). Our ANN was based
on the principle of FeedForward with Error Backpropagation. The net was
designed with one hidden layer. The number of neurons in the input layer was
equal to the number of clones used, whereas the ideal outputs were set at —1
for BA and +1 for CA. The ANN was then trained using a training set

5 Internet addresses: http://www.microarrays.org/protocols.html and rana.lbl.gov.
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Fig. 2. Data analysis diagram. Microarray expression data from all 8064 clones were
used to cluster the 22 esophageal samples. Two main groups emerged: (a) a “Barrett’'s”
group containing eight BAs; and (b) a cancer group that comprised all eight CAs and six
Barrett’s specimens. SAM identified 160 genes that were significantly differentially
expressed between BAs and CAs. Information from these 160 clones was input into
Cluster; this information was also used to train and test an ANN. To contrast clustering
with ANNs, we applied both techniques on this reduced data set and then compared the
results. The ANN was trained on 12 esophageal tissues and then tested with the remaining
10 samples.

consisting of eight Barrett’'s metaplasias and four cancers. After training, the
ANN was tested with the remaining samples, consisting of six Barrett's
specimens and four cancers.

RESULTS

Weinitialy applied hierarchical agglomerative clustering based on
information from all 8064 clones. Using SAM, we selected 160 genes
with statistically significant differential expression levels between BA
and CA. Information from these 160 clones aone was used when
hierarchical clustering was reapplied. An ANN, based again on these
160 genes, was constructed, trained on 12 samples (eight Barrett’s and
four cancers) and tested on 10 additional blinded samples (six Bar-
rett’s and four cancers; Fig. 2). The use of the same 160 gene set
allowed us to compare the classification performance of clustering to
that of ANNSs.

Hierarchical Agglomerative Clustering Based on Information
from all 8064 Cones. We used Cluster and TreeView (22) to group
samples based on their global gene expression profiles. Information
from al 8064 clones was input into Cluster, and the results were
displayed using TreeView (Fig. 3) Eight Barrett's samples fell into
one mgjor cluster, whereas the remaining six Barrett’ s specimens were
grouped with the eight cancers in a second mgjor cluster. The global
gene expression profile of the two major clusters appeared very
contrasting: genes that were overexpressed in one cluster (red vertical
bars, Fig. 3) tended to be underexpressed in the other cluster (green
vertical bars, Fig. 3). This result suggested that the six Barrett's
samples clustering in the “cancer” group were more closely related to
CAs than to the remaining eight Barrett’s samples.

Use of SAM to Select Differentially Expressed Genes between
Barrett's and Cancer. SAM selected genes showing statistically
significant differences in expression level between Barrett’'s and can-
cer specimens. At an FDR of 0, SAM identified 160 clones. Among
these 160 clones, 129 were expressed more highly in cancer than in
Barrett’s, whereas 31 were expressed at higher levels in Barrett’s.®

Hierarchical Agglomerative Clustering Based on Information
from the 160 Clones Selected by SAM. All 22 esophageal samples
were reclustered based on expression data from the 160 genes selected
by SAM (Fig. 4). All but two of the Barrett’s metaplasias clustered in
one main group. All eight cancers clustered in the other main group,
which also contained the two Barrett’ s specimens. However, the two
Barrett’s cases in the cancer group were in a separate subcluster very
close to the Barrett's cluster (Fig. 4).

Lesion Profiling Using ANNs. We trained an ANN to distinguish
malignant esophageal tissue (either squamous cell carcinoma or ade-
nocarcinoma) from premalignant esophageal tissue (Barrett’s). The
ANN was trained on 12 esophageal lesions: eight Barrett’s metapla-
sias and four CAs. By convention, the diagnosis of BA was encoded
by —1 and that of CA was encoded by +1. After training, 10
additional esophageal samples were input into the ANN. For six
lesions, the ANN output was very close to —1 (Fig. 5). Pathology
reports revealed that these six samples were all Barrett’s metaplasias.
The remaining four lesions produced an ANN output very closeto +1
(Fig. 5). Similarly, al four of these lesions were histologically esoph-
ageal adenocarcinomas or squamous cell cancers.

DISCUSSION

cDNA microarrays have formed the foundation for many cancer
research studies. The advantage of this methodology derives from its
ability to analyze the expression levels of thousands of genes simul-
taneously over many specimens. Classical statistical techniques, such
as hierarchical clustering, can be used to analyze microarray data (10,
16). However, this type of analysis is unsupervised. Thus, its output
may not match the pathological diagnosis, because biological samples
contain an abundance of information, much of which is unrelated to
the characteristic under study (34, 35).

Supervised techniques can a so be used to analyze microarray data.
These techniques can focus on a specific comparison of interest, such
as esophageal premalignancy versus malignancy. Supervised tech-
niques include SAM, a gene filtering software program that identifies
genes significantly different in expression level between two groups
(29). Supervised methods also include ANNSs, which can be trained to
recognize clinically discrete groups of lesions or other biological
entities, even when these entities are very similar (14, 15).

In our study, we first applied unsupervised, classical statistical
techniques to unfiltered microarray data. Thus, the esophagea sam-
ples were grouped using Cluster based on gene expression informa-
tion from all 8064 clones. This approach was unsuccessful in distin-
guishing between Barrett’s metaplasias and CAs. The clustering result
can be interpreted as a consequence of using unfiltered, unsupervised
data. In other words, athough some of these data were relevant to the
premalignant or malignant status of the samples, much of the data
contained irrelevant information. Because of this type of “noise”,
Cluster was unable to group the samples according to their pathologic
diagnoses.

To restrict the genes to those showing statistically significant dif-
ferential expression between Barrett's and CA, we used SAM. With
an FDR of 0, SAM reported 129 genes overexpressed in cancer and 31
genes overexpressed in Barrett's. The complete list containing all 160

% Internet address: http://microarray.umaryland.edu.
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Fig. 3. Clustergram based on microarray data from all
8064 clones. Left side, graphic representation of expression
data from all 8064 clones in al 22 esophageal samples. The
esophageal samples appear as horizontal lanes, whereas the
genes appear as very narrow vertical slits. Red [, genes that
are overexpressed relative to the reference probe; green [,
genes that are underexpressed compared with the reference
probe. Right side, sample clustering result (dendrogram). Red
horizontal branches, cancers; green branches, Barrett’s meta-
plasias. Six Barrett's samples were misclassified into the
same group as the cancers.

of these genes can be found on aWeb site.® Clustering based on these
160 genes produced results very close to the true pathological diag-
nosis (Fig. 3). Although two Barrett’ s samples were still misclassified
in the cancer group, these samples clustered very closely to the other
Barrett’s samples. This result supports the conclusion that genes
selected by SAM were relevant to distinguishing Barrett’s from CA.
Moreover, this result also suggests that gene filtering to select genes
relevant to the difference between Barrett's and cancer is itself a
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Fig. 5. Graphic display of ANN results on the test set. The numbers assigned to each
diagnosis are displayed on the Y axis. Blue B, ideal (Pathologic) diagnosis; red ll, ANN
approximation. Barrett’s metaplasia, —1; CA, +1. The 10 samplesin the test set were not
used to train the ANN and had not been presented to the ANN before. Displayed below
the graph are the precise idea (Pathologic Diagnosis) and ANN approximation (ANN
diagnosis) values. In al 10 cases, the ANN was very accurate in its approximation of the
known pathologic (ideal) diagnosis.

L

Fig. 4. Post-gene filtering clustergram. TreeView
display of Cluster results based on microarray data
from 160 clones selected by SAM. This clustergram
consists of only 160 vertical dlits (clones). Again,
the horizontal lanes on the left side represent indi-
vidual patients. The dendrogram (right side) now
shows a more accurate grouping of specimens into
their natural pathological diagnostic categories. Two
Barrett’s metaplasias still clustered close to the can-
cers, but on this anaysis, the dendrogram branch
containing them was very close to the Barrett's
cluster.
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justifiable intermediate step before applying unsupervised techniques,
such as clustering. However, when using only the 160 genes selected
by SAM, clustering still misclassified two specimens, whereas our
ANN correctly classified al specimensin its test set.

By using gene filtering programs, subgroups of important genes
could be identified for the differential diagnosis of BA and CA. This
gene filtering technique could potentially be applied to isolate other
subgroups of genes. For example, it could identify genes capable of
predicting outcome (i.e., likelihood of neoplastic progression) in the
Barrett's population. It would be quite useful to predict which patients
with BA will rapidly evolve toward frank carcinoma and which will
have a slow progression. The same technique could be applied to the
esophageal carcinoma population, with the purpose of identifying
therapeutic responders versus nonresponders or long survivors versus
short survivors. Therapies could be tailored based on these findings,
with significant improvements in the outcome and quality of life of
patients with esophageal premalignant and malignant lesions. How-
ever, to achieve high sensitivity and specificity, it will be necessary to
analyze a large cohort of patients and to have very accurate patho-
logic, clinical, and epidemiological data.

The classification results obtained with ANNs add to the promise of
microarray-derived data analysis. The results of another research
group (14), as well as our own (15), suggest that ANNs are robust
classifiers, capable of recognizing patterns even when data are incom-
plete, biased, or extremely abundant. With the proper training, ANNs
are capable of making subtle correlations and distinctions based on
complex input data, such as microarray data, and to use these corre-
lations to arrive at a correct diagnosis. In fact, there are many pub-
lished examples in which ANNs performed better than classical
statistical techniques (36, 37). Although we did not compare the
efficiency and accuracy of these two approaches in a large, prospec-
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tive study, our results suggest that ANNs will at least complement
classical statistical approaches.

In conclusion, these data suggest that ANNs are a useful addition to
the armamentarium of methods currently used to analyze microarray
data. They offer the potential to advance our ability to extract more
information from microarray data and to more accurately interpret
these data. Finally, when combined with gene filtering algorithms,
ANNSs appear to represent powerful tools to identify and understand
subtle or occult pathologic processes. Ultimately, we believe that
these tools will have a far-ranging impact on cancer detection, diag-
nosis, and management.
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