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Abstract

Gene expression data sets hold the promise to provide cancer diagnosis on the
molecular level. However, using all the gene profiles for diagnosis may be suboptimal.
Detection of the molecular signatures not only reduces the number of genes needed
for discrimination purposes, but may elucidate the roles they play in the biological
processes. Therefore, a central part of diagnosis is to detect a small set of tumor
biomarkers which can be used for accurate multiclass cancer classification. This task
calls for effective multiclass classifiers with build-in biomarker selection mechanism.

We propose the sparse optimal scoring (SOS) method for multiclass cancer char-
acterization. SOS is a simple prototype classifier based on linear discriminant anal-
ysis, in which predictive biomarkers can be automatically determined together with
accurate classification. Thus, SOS differentiates itself from many other commonly
used classifiers, where gene preselection must be applied before classification. We
obtain satisfactory performance while applying SOS to several public data sets.

Supplementary materials for this paper are available from http://www.stat.nus.edu.sg/∼
stalc/SOS.

Key words: Microarray data analysis; Biomarker detection; Multiclass
classification.

1 Background

Traditional diagnosis of cancerous malignancies relies on subjective interpre-
tation of clinical information. However, such diagnosis may fail due to atypical
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tumors, incomplete clinical information and other difficulties associated with
clinical diagnosis. The advent of large scale genomic technology enables us
to study thousands of biomarkers together (Golub et al., 2002; Alizadeh et
al., 2000; Pomeroy et al., 2002). In particular, gene expression profiles based
on microarray technology promises to offer precise, objective and systematic
human cancer classification.

On the other hand, microarray data sets also bring new challenges. Microarray
experiments generate data sets with thousands of genes on up to a few hundred
of arrays. Statistically speaking, such data sets are characterized by the large
dimensionality compared to the sample size. Thus, dimension reduction or
variable selection is needed. Biologically speaking, although the number of
genes arrayed is large, it is reasonable to expect that only a small subset of
biomarkers are associated with diseases. It is clear that solutions to accurate
diagnosis and biomarker selection have important biomedical implications.

The problem of multiclass cancer classification using microarray data has been
extensively studied. Ramaswamy et al. (2001) proposed to use the support
vector machine (SVM) algorithm by using a binary SVM in a one-versus-all
scheme. They concluded that their algorithm needs all the genes for accu-
rate classification for their data set. Lee et al. (2004) and Lee and Lee (2003)
proposed the multicategory SVM by treating all classes simultaneously and ar-
gued that one-versus-all comparison may be suboptimal in certain situations.
However, a separate gene selection method has to be applied before apply-
ing their method. To remedy the problem, more recently, Koo et al. (2006)
proposed structured polychotomous machine by introducing an analysis of
variance decomposition to SVM. Tibshirani et al. (2002) proposed the near-
est shrunken centroid (NSC) method which effectively shrinks class centroids
toward the origin. Feature selection is achieved by shrinking the centroids
of some genes to exactly zero. There are also other dimensionality reduction
methods for multiclass classification. For example, the partial least squares
method was studied by Nguyen and Rocke (2002). Dettling (2004) combined
BagBoosting algorithm by combining bagging and boosting. Liu et al. (2005)
combined genetic algorithm and all paired SVM methods for multicategory
cancer categorization. Davis et al. (2006) addressed the issue of classification
and gene selection by pairwise combining various biomarker selection methods
and classifiers.

We propose a novel multicategory classifier termed the sparse optimal scor-
ing (SOS) classifier for multicategory classification in this paper. The pro-
posed SOS approach can be seen as a natural extension of the optimal scoring
method (Hastie et al., 1994). Thus, SOS is based on Fisher’s linear discrim-
inant analysis (LDA), one of the most popular techniques for classification.
As will be seen later, SOS is a simple prototype yet accurate classifier. It
operates by extracting discriminant variables (features) which best separate
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the class centroids and then assign samples to the nearest centroid, accord-
ing to Mahalanobis distance. However, SOS differs from optimal scoring in
one fundamental aspect. SOS seeks to extract features which are sparse linear
combinations of a selected subset of all the genes. Thus, multiple tumor types
can be classified according to a small set of the genes. Furthermore, SOS re-
tains the virtue of LDA by permitting low dimensional projections of data.
Operationally, SOS is realized by penalizing the norm of individual variables
and thus is closely related to the Lasso (Tibshirani, 1996) for two-category
classification and its grouped version Yuan and Lin (2006) for multi-category
classification. Computationally, we apply an efficient path following algorithm
in a stepwise manner. The optimal step is chosen by V-fold cross validation, a
well studied statistical evaluation tool. We applied SOS to three public data
sets and obtained satisfactory performance.

2 Results and Discussion

This section presents the classification performance of SOS on three publicly
available data sets.

2.1 Datasets

The GCM datasets complied by Ramaswamy et al. (2001) contains the ex-
pression profiles of 198 tumor samples representing 14 common human cancer
classes. The raw data is available from http://www-genome.wi.mit.edu/MPR/GCM.html.
We focus on 190 tumor samples after excluding 8 metastatis samples. Data
preprocessing was done according to Ramaswamy et al. (2001). More specif-
ically, genes were excluded if they exhibited less than 5-fold and 500 units
absolute variation across the data set after a threshold of 20 units, ceiling of
16,000 units. Of 16,063 biomarkers considered, 11,319 passed this filter and
were used for further classification. Base 10 logarithmic transformation was
further applied to each expression. Finally, we standardize each array to mean
0 and variance 1 according to Dudoit et al. (2002).

Our second dataset is the Brown data set Munagala et al. (2004). The Brown
data set is publicly available from http://microarray-pubs.stanford.edu/margin clus/.
A detailed account of the data can be found at http://cmgm.stanford.edu/pbrown.
The dats set consists of 268 primary tumor samples representing 18 tissue
types and 104 normal samples. There are in total 7452 genes. For this data
set, we focus on a ten class classification problem by distinguishing the nor-
mal tissues and the following 9 tumor types: breast, central nerve system,
kidney, lung, ovary, pancreas, prostate, soft tissue and stomach. The other
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tumor types were excluded due to their small sizes. The total number of ar-
rays for this reduced data set is 328. Data preprocessing was done according to
Munagala et al. (2004). with missing expression values imputed by 10 nearest-
neighbor method. Finally arrays were standardized to mean 0 and variance 1.
The Brown data set is interesting since a normal sample is also available.

The third data set is the small round blue cell tumor obtained from SRBCT
study detailed in Khan et al. (2001). There are 2308 genes for a total of 83
tumor samples in four tumor classes. This dataset is available from
http://research.nhgri.nih.gov/microarray/Supplement/. The data set is stan-
dardized to zero mean and unit variance for each array.

2.2 Comparison Methods

For comparison purposes, we include several other classifiers. They include
support vector machines (SVM), random forest (RF, Breiman, 2001), diago-
nal linear discriminant analysis (DLDA) and diagonal quadratic discriminant
analysis (DQDA) from Dudoit et al. (2002). Also included is the nearest cen-
troid classifier (NSC) by Tibshirani et al. (2002). Among these classifiers, only
NSC possesses automatic feature selection capability.

SOS incorporates multiclass feature selection and hence does not depend cru-
cially on preliminary gene selection. However, in order to reduce computational
load, we preselect the top 1000 genes according to the ratio of between classes
sum of squares to within classes sum of squares (Dudoit et al., 2002). For
SVM, DLDA, DQDA and RF, we also tried 200, 400, 800 preselected genes.
Using fewer numbers of genes gave similar or even inferior results. Due to page
limit, only the results with 1000 genes were presented.

To assess the performance of various classifiers, we randomly partitioned the
data into a balanced training set comprising two-thirds of the arrays and a
test set with one-third of the arrays. For each training set, gene preselection
was done without using the test set. Then, the classifiers were obtained using
the training data set. They were applied to the test set to obtain classification
performance. For a reliable evaluation, this process was done 50 times.

2.3 GCM Dataset

The GCM dataset consists of 190 tumor samples (breast: 11, prostate: 10,
lung: 11, colorectal: 11, lymphoma: 22, bladder: 11, melanoma: 10, uterus: 10,
leukemia: 30, renal: 11, pancreas: 11, ovary: 11, mesothelioma: 11, CNS: 20).
We applied the six multicategory classifiers to this GCM data. The average
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test errors were reported in Table 1. SOS outperforms other methods with
the smallest average test error (20.25%) The next best classifier is random
forest with an average error rate 24.32%. NSC comes next with an error rate
25.62%. SVM has an average error rate 26.67%, slightly larger than NSC. The
two simple classifiers DLDA and DQDA do not perform well for this data set,
with error rates 27.30% and 30.92%, repectively. Ramaswamy et al. (2001)
analyzed the same dataset via the SVM and they achieved 22.0% error rate
on a pre-defined training set and a test set.

Table 1 here.

Among the six classifiers compared, only SOS and NSC have build-in gene
selection mechanism. The average numbers of chosen biomarkers were shown
in Table 2. SOS tends to select much smaller sets of biomarkers (78.24 on
the average) than NSC (985.24) and yet has smaller misclassification error.
Tibshirani and Hastie (2006) studied a similar data set and concluded that
NSC needed more than 4000 genes to achieve the optimal classification per-
formance.

Table 2 here.

We then applied SOS to the whole dataset with 190 tumor samples and chose
λ by 10-fold cross validation. This procedure resulted in 143 biomarkers which
correspond to the minimum misclassification error zero. SOS finds G− 1 = 13
feature directions and this provides a geometrical view of the distributions of
the samples. In Figure 1, we plotted two-dimensional projections of the sam-
ples produced by SOS. It is shown that the first two feature directions can
distinguish four cancer types (Colorectal, leukemia, ovary and CNS) from the
rest ten cancer types. Feature sets 5 and 6 separate six cancer types (lung,
melanoma, mesothelioma, pancreas, prostate, uterus) from other cancers. Fi-
nally,feature sets 11 and 12 discriminate three cancer types (bladder, breast,
renal) from other cancer types. These three plots can clearly separate 14 tumor
types.

Figure 1 here.

The heatmap of the chosen 143 genes was plotted in Figure 2. A distinct pat-
tern for each tumor class is obvious. The first thirty genes chosen by SOS
for the whole data set are shown in Table 3. Some of the genes are biologi-
cally meaningful. For example, the first gene in the list (X16663) encodes the
hematopoietic cell specific protein, which is an intracellular signaling protein
that specifically expressed in blood-forming cells. This gene has distinctively
high expressions in lymphoma and leukemia tumor samples but not other
non-blood-cell relevant tumor types (Fig. 2). On the other hand, genes with
little-known functions which have unique expression patterns may facilitate
our understanding of important biological pathways. For example, U57911,
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which is found prominently expressed in fetus brain and minimally expressed
in other fetus tissue Schwart et al. (1994) has a high expression level in colorec-
tal tumor samples. This suggests that the encoded protein may be involved in
other functions besides the nervous system development.

Figure 2 here.

Table 3 here.

2.4 Brown dataset

The preprocessed Brown data set consists of 328 samples (breast: 22, CNS:
30, kidney: 36, lung: 47, normal: 104, ovary: 21, pancreas: 7, Prostate: 12,
soft tissue: 31, stomach: 18). A similar random partition for GCM data was
conducted and the average misclassification errors were summarized in Table
1. For this data set, SVM, SOS and random forest gave similar error rates.
The average numbers of genes chosen by SOS and NSC are shown in Table 2.
NSC seems to need all the 1000 genes for classification. In a separate study,
Tibshirani and Hastie (2007) showed that for the Brown dataset, NSC needed
about 4000 genes for the best classification performance. This is consistent
with our results.

The SOS chose 209 genes for this data set while λ is chosen by 10-fold cross
validation (the heatmap can be found in online supplementary materials).
Again, we projected the samples to selected two dimensional spaces and the
plots are shown in Figure 3. We see clearly that extracted feature 1 and 2
separate breast, CNS and soft tissue tumors from the others, feature 3 and
4 distinguish ovary and kidney cancer from the others, feature 5 and 6 di-
vide lung from the other types, and finally, feature 7 and 8 separate pancreas,
prostate and stomach tumors from the others. More interestingly, the normal
tissues do not form a distinctive group in any of the two-dimensional projec-
tions, demonstrating the difficulty of isolating normal tissues from multiple
tumor tissues. Overall, when SOS is applied to the whole data set, there is
one misclassified instance.

Figure 3 here.

2.5 SRBCT

This dataset has four tumor classes: neurobastoma (NB), rhabdomyosarcoma
(RMS), non-Hodgin lymphoma (NHL) and the Ewing family of tumors (EWS).
From Table 1, we saw that SOS (1.26%) and the random forest (1.29%) have
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smaller average misclassification errors. In comparing the number of chosen
genes, we found that SOS tends to choose fewer genes than NSC, as shown in
Table 2. When applied to the whole data set, SOS chose 17 genes. The cor-
responding heatmap and the low-dimensional projections of the four classes
were provided in the supplementary materials. An obvious separation of the
4 tumor types can be clearly seen.

3 Discussion

Accurate classification and biomarker detection remain the two main tasks
of multicategory microarray data analysis. We have proposed a new multi-
category classifier SOS and have demonstrated its excellent performance in
classifying multiple multiple types, in addition to gene selection capability.
Particularly, the proposed SOS achieves smaller or similar classification er-
rors with fewer genes compared to other existing classifiers. Our results are in
marked contrast to the SVM method described in Ramaswamy et al. (2001),
where all the genes were needed to ensure the optimal performance.

A salient feature of SOS is that it treat all classes simultaneously by mapping
a class label to a vector of G− 1 real numbers. Treating all the classes simul-
taneously may potentially bring computational efficacy since for the data sets
we considered, one-versus-one or one-versus-all scheme incurs heavy computa-
tional burden. Furthermore, treating all the classes on equal footage may al-
leviate a masking problem inherited in one-versus-one (one-versus-all) scheme
(Lee et al., 2004). To facilitate biomarker selection, we penalize the norm of
each gene such that by appropriately choosing the tuning parameter, sparse
features represented by linear combinations of a small set of genes can be
extracted. Due to its similarity to the LDA, the samples can be easily visual-
ized by projecting them to appropriate low-dimensional subspaces. As clearly
demonstrated in Figure 2 and Figure 3, such low-dimensional projections may
provide further insight on the separability of various tumor types. Thus, SOS
offers easy interpretation of the result.

SOS selects up to n genes for a dataset with sample size n. This does not affect
performance on the datasets we analyzed. However, for extremely small data
sets, a few genes may not be able to give accurate classification. To handle
this situation, we can add another penalty λ0

∑K
k=1 ‖βk‖

2 to (2), which is
essentially an extension of the elastic net method proposed by Zou and Hastie
(2005). In current implementation, we allowed SOS to have linear boundaries
only. Future research can include the extension of SOS in handling nonlinear
boundaries.
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4 Methods

4.1 Linear Discriminant Analysis

To establish a connection between optimal scoring and LDA, it is necessary
to review LDA first. Suppose that there are n observations, p input variables
and G categories. Denote by xi the feature vector for the ith observation and
gi ∈ G = {1, ..., G} with G ≥ 2 the response. The goal of multicategory
classification is to find a function ∆ : x→ G such that for a new x, it uniquely
assigns a class membership to x. Let nk be the number of gi equal to k. Denote
the within-class and between-class covariances as ΣW , ΣB respectively:

ΣW =
1

n

G
∑

k=1

∑

yj=k

(xj − x(k))(xj − x(k))T , ΣB =
1

n

G
∑

k=1

nk(x
(k) − x̄)(x(k) − x̄)T ,

where x̄ = 1
n

∑

i xi; and x(k) =
∑

yi=k xi/nk.

The solutions of LDA a = [a1, ..., ad] are obtained sequentially. Given the
first k − 1 discriminant coordinates a1, ..., ak−1, the kth feature is given by
zk = xT ak such that

ak = argmax
a

aT ΣBa, s.t. aT
k ΣW aj = 0, j < k, and aT

k ak = 1. (1)

The solution to LDA is a generalized eigen problem and can be easily solved.
The total number of discriminant variables d ≤ G is usually determined by
prediction criteria. Geometrically speaking, the LDA in (1) maximizes the
separation between classes, relative to the closeness of the observations in the
same category.

LDA enjoys several advantages. Firstly, it is a simple prototype classifier with
linear decision boundaries. Secondly, it permits natural low-dimensional views
of the data by projecting the high dimensional data onto the extracted fea-
tures. Thirdly, it usually produces the best classification results, see a discus-
sion in Hastie et al. (1994). Thus, SOS allows one to view informative low-
dimensional projections of the data via extracted features, similar to LDA.
Note that LDA is feasible only for data sets with more samples than features
and is not applicable for large genomic data sets.

4.2 Optimal Scoring

LDA can be re-formulated as a regression problem via optimal scoring. See
Hastie et al.(1994) for more discussions. Formally, let θ : G → R1 be a function
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that assigns scores to the classes. We can find K ≤ G−1 independent scorings
for the class label {θ1, ..., θK}, and K corresponding linear maps ηk(x) =
xT βk, k = 1, ..., K. And the scores θk and the maps βk are chosen to minimize
the average squared residual

ASR =
1

n

K
∑

k=1

n
∑

i=1

(

θk(gi)− xT
i βk

)2
.

The sequence of LDA vectors ak are known to be identical to the sequence βk

up to a constant (Mardia et al. 1979). In practice, the linear operator ηk can
be replaced by a regularized regression. The real benefit of expressing LDA
in regression context is the ability of performing variable selection and model
regularization, as pointed out by Hastie et al. (1994).

Create n × G indicator response matrix Y such that Yij = 1 if the class of
the ith sample is gi = j, and 0 otherwise. Hastie et al. (1994) proposed the
following algorithm for flexible discriminant analysis:

1. Choose an initial score matrix Θ0 satisfying ΘT
0 DGΘ0 = I, where DG =

Y T Y/n. Let Θ∗
0 = Y Θ0;

2. Fit a multiple regression model of Θ∗
0 on X, yielding fitted values Θ̂∗

0. Let
η̂(X) be the vector of fitted functions;

3. Obtain eigenvector matrix Φ of Θ∗T
0 Θ̂∗

0; the optimal scores are Θ = Θ0Φ;
4. Update the final model from step 2 via η̂ ← ΦT η̂(X).

Define D as a diagonal matrix with kth diagonal term

Dkk = {
1

α2
k(1− α2

k)
}1/2,

where αk is the kth largest eigenvalue calculated in step 3. The decision rule
for a new x has the form of a weighted nearest centroid rule, which assigns x
to class j that minimizes

δ(x, j) = ‖D(η(x)− η̄j)‖2,

where η̄j =
∑

gi=j η(xi)/nj denotes the fitted centroid of the jth class.

Hastie et al. (1994) showed that by recasting LDA as a a regression prob-
lem, the performance of LDA can be improved by regularized optimal scoring
method.

In order to handle large scale genomic datasets, Ghosh (2003) was among the
first to study a number of dimensional reduction techniques for optimal scor-
ing, including principle component regression, partial least square regression
and ridge regression. All the aforementioned methods lack a build-in variable
selection mechanism. Ghosh (2003) suggested to select relevant biomarkers by
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examining the fitted regression coefficients in step 2. However, large fitted coef-
ficients does not necessarily translate into important variables. Furthermore,
motivated by the ROC considerations, Ghosh and Chinnaiyan (2005) stud-
ied the two-category classification using Lasso. They commented that their
method cannot handle multicategorical responses in the current context.

4.3 Sparse Optimal Scoring

SOS explores a principled variable selection via the LASSO type of penalty
within the optimal scoring setting. In doing so, selecting variables and finding
separating boundaries are jointly realized.

Writing β = (β1, ..., βK) and denoting rows of β as β(j), we propose to replace
step 2 of the algorithm by a penalized regression

1

n

K
∑

k=1

n
∑

i=1

(

θk(gi)− xT
i βk

)2
+ λ

p
∑

j=1

‖β(j)‖, (2)

where ‖a‖ is the l2 norm of a. We see immediately that it reduces to the LASSO
(Tibshirnai, 1996) for K = 1, and it reduces to the group LASSO (Yuan and
Lin, 2006) when K > 1. The l2 norm has the property that if λ is appropriately
chosen, β(j) may be estimated exactly a zero vector. Thus, biomarker detection
is achieved. Furthermore, this penalty is particularly attractive due to its
simplicity and ease of implementation.

4.4 Algorithm

We outline here an efficient lars algorithm for solving (2), adopting a similar
algorithm in Yuan and Lin (2006). For this purpose, we rewrite (2) as

1

n

n
∑

i=1

‖Θ∗ −Xβ‖2 + λ
p

∑

j=1

‖β(j)‖, (3)

where Θ∗ is a n×K matrix. Our algorithm can be viewed as an extension of
the lasso to multivariate responses.

Starting with β as a zero matrix, we seek a variable (say Xj1) that minimizes
the angle with Θ∗ (i.e., ‖Xj1Θ

∗‖ is the largest). The algorithm marches in the
direction of the projection of Θ∗ on Xj1 until some other variable (say Xj2)
has as small an angle with the current residual r, i.e.

‖X ′

j1
r‖ = ‖X ′

j2
r‖.
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From here the algorithm proceeds in the direction of the projection of the
residual onto the space spanned by Xj1 and Xj2. This process is repeated
until either all the variables are included or the residual r becomes a zero
matrix. The algorithm can be summarized as following

SOS algorithm

1. Begin with β [0] = 0, r[0] = Θ∗ and s = 1.
2. Compute the current most-correlated set

As = arg maxj‖X
′

jr
[s−1]‖,

and calculate the current direction γ with

γAs
= (X ′

Ak
XAs

)−1X ′

As
r[s−1]

and γAc = 0. Here XAs
is the matrix with columns of X corresponding to

Ak.
3. For every j /∈ As, compute how far the algorithm will proceed in the direc-

tion γ before Xj enters the most correlated set. This can be measured by
an aj ∈ [0, 1] such that

‖X ′
j(r

[k−1] − ajXγ)‖2 = ‖X ′
j′(r

[k−1] − ajXγ)‖,

where j ′ is arbitrarily from As.
4. If As 6= {1, ..., p}, let a = minj /∈As

{aj} ≡ aj∗ and update As+1 = Ak ∪ {j
∗};

otherwise set a = 1.
5. Update β [s] = β [s−1] + aγ, r[s] = Θ∗ − Xβ [s] and s = s + 1. If r[s] is not a

zero matrix, go back to step 2 until a = 1; otherwise stop.

Roughly speaking, SOS algorithm searches for genes in a sequential manner by
locating at one step one gene which gives better separation among the classes.

4.5 Tuning

To select the tuning parameter λ, we use V fold cross validation to minimize
misclassification error. More precisely, for a fixed V , we randomly split the
data into V parts S1, ..., SV which are roughly equal sized. The optimal λ is
chosen to minimize the cross validated misclassification criterion

CV (λ) =
V

∑

v=1

{
∑

i∈Sv

gi 6= ĝ
(−v)
i },

where ĝ
(−v)
i is the SOS estimate of gi based on the data without the vth subset.

In this paper, we chose to use V = 10.
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6 Figures

6.1 Figure 1 - GCM data set

Selected two-dimensional SOS estimated projections of the data set. File name:
ram.eps.

6.2 Figure 2 - Heatmap for GCM data

The heatmap of the chosen 143 genes for GCM dataset. Each row corresponds
to a single gene. Each column corresponds to a single array. Note that genes
are clustered by hierachical clustering. File name: hm.ram.1.eps.

6.3 Figure 3 - Brown data set

Selected two-dimensional SOS estimated projections of the data set. File name:
mun.eps.

7 Tables

7.1 Table 1 - Miscallsification errors

Average misclassification errors over 50 random partitions for GCM dataset,
Brown dataset and SRBCT dataset. The standard errors are in parentheses.
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Dataset SOS NSC DLDA DQDA SVM RF

(%) (%) (%) (%) (%) (%)

GCM 20.25 25.62 27.30 30.92 26.67 24.32

(4.38) (4.84) (4.08) (5.28) (3.78) (3.85)

Brown 9.83 16.22 16.15 14.28 9.56 10.86

(2.42) (2.68) (2.82) (3.03) (2.13) (2.41)

SRBCT 1.26 1.93 6.28 3.79 6.79 1.29

(2.52) (2.52) (6.51) (4.11) (5.27) (3.21)

7.2 Table 2 - The number of chosen genes

Average numbers of genes selected over 50 random partitions for GCM dataset,
Brown dataset and SRBCT dataset. The standard errors are in parentheses.

SOS NSC

GCM 78.24 985.20

(14.73) (41.90)

Brown 151.88 1000

(17.12) (0)

SRBCT 25.88 148.16

(9.22) (168.56)

7.3 Table 3 - The top 30 genes for GCM data set
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Gene Name Gene Description

X16663 at HEMATOPOIETIC LINEAGE CELL SPECIFIC PROTEIN

W56613 at SH3 binding protein

U58658 at Unknown protein mRNA within the p53 intron 1

M88163 at SNF2L1 SNF2 (sucrose nonfermenting, yeast, homolog)-like 1

D86976 at KIAA0223 gene, partial cds

U66838 at Cyclin A1 mRNA

U57911 at Fetal brain (239FB) mRNA, from the WAGR region

AA405288 at EST: zt37f09.r1 Soares ovary tumor NbHOT Homo sapiens cDNA clone 724553 5’ similar to

contains Alu repetitive element; contains element LTR5 repetitive element ;, mRNA sequence.

AA174173 at EST: PTH156 HTCDL1 Homo sapiens cDNA 5’/3’, mRNA sequence. (from Genbank)

U79293 at Clone 23948 mRNA sequence

X63522 s at RETINOIC ACID RECEPTOR RXR-BETA

L00354 at PROCHOLECYSTOKININ PRECURSOR

U62531 at SLC4A2 Solute carrier family 4, anion exchanger,

member 2 (erythrocyte membrane protein band 3-like 1)

L35269 at ZINC FINGER PROTEIN 35

X15573 at PFKL Phosphofructokinase (liver type)

AA313786 at EST: EST185649 Colon carcinoma (HCC) cell line Homo sapiens cDNA 5’ end,

mRNA sequence. (from Genbank)

S82185 at Escherichia coli unknown mRNA

U09848 at ZNF139 Zinc finger protein 139 (clone pHZ-37)

L05568 at SLC6A4 Solute carrier family 6 (neurotransmitter transporter, serotonin), member 4

M27543 at GNAI1 Alternative guanine nucleotide-binding regulatory protein (G) alpha-inhibitory-subunit

U93205 at Nuclear chloride ion channel protein (NCC27) mRNA

M30269 at NID Nidogen (enactin)

U48936 at Amiloride-sensitive epithelial sodium channel gamma subunit mRNA, 5’ end, partial cds

U16811 s at Bak protein mRNA

U79257 at-2 Human clone 23932 mRNA sequence
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