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ABSTRACT

Gene function discovery is an important and interesting problem in
computational analysis of microarray data. In this paper, we inves-
tigate the use of a semi-supervised learning algorithm for inferring
gene functional classifications from heterogeneous data set consist-
ing of DNA microarray expression measurements and phylogenetic
profiles from whole-genome sequence compassions. The semi-
supervised leaming approach aims at minimizing the disagreement
between individual models built from each separate information
source by employing a co-updating method and making use of
both labeled and unlabeled data. Our results suggest that the semi-
supervised approach could be used for gene functional classifica-
tion. The data sets and the program code used for the experiments
can be accessed from our webpage '

Keywords: Gene functional classification, semi-supervised, Sup-
port Vector Machine(SVM), heterogeneous, minimize disagreement

1. INTRODUCTION

Gene function discovery is an important problem in microarray
data analysis. It can help us understand the molecular machinery
of the cell. Initial analysis of microarray data for gene function
discovery focused on clustering algorithms, such as hierarchical
clustering [9] and self-organizing maps [19]. These unsupervised
algorithms work under the assumption that genes with similar ex-
pression pattern may have similar function. Besides the microarray
gene expression data, the sequencing projects provide a comple-
mentary view for exploring the molecular machinery. The avail-
ability of complete genomic sequence of human and other species
provides a tremendous opportunity for understanding the functions
of genes [15]). Phylogenetic profile is another data type for gene
function discovery and it is derived from a comparison between
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a given gene and a collection of complete genomes. Each profile
characterizes the evolutionary history of a given gene. Two genes
with similar phylogenetic profiles are likely to have similar func-
tions, under the assumption that their similar pattern of inheritance
across species is the result of a functional link.

There are many works on gene function discovery on microar-
ray expression data and sequence data separately, however, few
works that considered combining these heterogeneous information
together. [15] is one of the few works on combining different
types of data for gene function discovery. It presented a supervised
method using Support Vector Machine(SVM) to learn gene func-
tional classifications from a heterogeneous data set consisting of
microarray expression data and phylogenetic profiles. It showed
that this combination is most successful when the SVM operates
in a feature space that is explicitly heterogeneous. An SVM with
an explicitly heterogeneous kernel function by first computing sep-
arate kernels for each data type and then summing the results is
constructed as follows:

Kcombined(X) Y) = K(Xe, }/e) + K(Xpa Yp)a

where the subscripts denote gene expression and phylogenetic pro-
file data, and the local kernel function inside each data type is as
follows:

K(X,Y) = (% +1)%. M

The heterogeneous kernel incorporates prior knowledge by account-
ing for higher-order correlations among features of one data type
but ignoring higher-order correlations across data types. Although
it provided a promising view of the analysis of combining hetero-
geneous data, several questions/directions still need to be further
investigated such as: How to fully take advantage of these hetero-
geneous information? How to efficiently utilize heterogeneous data
especially when some category information is unavailable? etc.
The problem of learning from multiple information sources has
been extensively studied in machine learning and computer vision
literature where it is called as multi-modal learning?. Generally
there are two types of multi-modal learning: feature level integra-
tion and semantic integration [23]. The feature integration com-
bines the information at the feature level and performs learning in
the joint feature space. The correlation structure between different
sources can be discovered via learning. The semantic integration,
on the other hand, first builds individual models based on separate
information sources and then combines these models via some pro-
cesses say, mutual information maximization {3]. In this context,

%In this paper, we interchangeably use modal, component and in-
formation source.



the combination of heterogeneous kernel used in [15] is also a se-
mantic integration.

The ability of using labeled and unlabeled data are useful for
gene functional classification in two different ways. As mentioned
before, there are cases that some gene category information is not
available. So we have some labeled data and some unlabeled data.
The heterogeneous data types could let us take advantage of both
the labeled and unlabeled data. Even in the cases where all the
gene category information is available, most learning methods use
cross-validation technique to build prediction models where some
data samples are hold out. These hold-out samples are not used
for training. With information from heterogeneous sources, these
hold-out samples could also be used for training by viewing them
as unlabeled data, i.e., with no category information.

In this paper, we will present a co-updating approach for semi-
supervised learning from heterogeneous data types. Co-updating
approach is a kind of semantic integration. The reason we prefer
semantic integration is four-fold. First, although the structure in
the joint feature space is often more informative than that available
to each of the individual sources, feature integration tends not to
generalize well. The model complexity, computation intensity, and
training difficulty typically are other problems associated with fea-
ture integration [23]. Second, learning in the joint space is not able
to marginalize over the missing sources and requires future patterns
for classification containing all feature dimensions [8]. While we
intend to learn from a joint feature space, we still need to be able to
analyze and act on the information from a single source. For exam-
ple, we sometimes would like to predict the functional classifica-
tions solely based on the DNA microarray information. Feature in-
tegration is thus not suitable. Third, we would like to have a way to
utilize both labeled and unlabeled data since there are scenarios that
some gene category information is available and while the other is
unavailable. Fourth, the semantic integration appears to have bio-
logical and physical plausibility. It is well known that the cerebral
cortex competently classifies unimodal stimuli while keeping the
different modalities largely separate. Also, MeGurk effect showed
that although the information from different sensory modalities is
combined in determining human’s perception, the combination is
often not subject to conscious control [12].

Several algorithms have been proposed to combine information
from labeled and unlabeled data include using Expectation Maxi-
mization [2, 11] and generative models [14]. Blum and Mitchell
described the co-training setting [4] where the features in the prob-
lem domain are naturally divided into two disjoint sets (or in other
words, two-modal) and showed that, under certain assumptions,
PAC-like guarantee on learning with labeled and unlabeled data
holds. They also present an algorithm for web pages classification
using both labeled and unlabeled data. Roth and Zelenko developed
a theory for learning scenarios where multiple learner co-exist but
there are mutual compatibility constraints on their outcomes [17].
Co-training has also been used in information extraction [16], word
sense disambiguation [24] and name entity classification [7]. These
applications demonstrated that using labeled data could lead to the
performance improvement over learning solely based on labeled
data. Nigam and Ghani [13] showed that when an independent
and redundant feature split exists, co-training algorithms outper-
form other algorithms using unlabeled data.

When we have two different information sources for gene func-
tional classification, we generally fall into the co-training setting.
In this paper, we first give a theoretical justification on minimizing
the disagreement between two individual models could lead to the
improvement of the classification accuracy of individual models.
Based on the proof, we then develop a co-updating approach which
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tries to minimizing the disagreement between the individual mod-
els. Finally we report our experiment results. Since our learning
algorithm takes into account both labeled and unlabeled samples,
we refer it as semi-supervised learning algorithm. The paper is or-
ganized as follows: Section 2 presents the theoretical proof that
minimizing the disagreement would lead to performance improve-
ment, Section 3 describes our co-updating approach and Section 4
shows and discusses experimental results. Finally Section 5 con-
cludes and discusses future research directions.

2. MINIMIZING DISAGREEMENT

In this section, we show that, theoretically, minimizing the dis-
agreement between two individual models could lead to the im-
provement of the classification accuracy of individual models. In
this paper, we focus on binary classification problems and we use
0, 1 to label the two classes respectively®. Suppose we have an in-
stance space X = (X1, X2) where X; and X are from different
observations. Let D be the distribution over X. If f is the target
function over D, then for any example z = (z1,z2) we would
have f(z1,z2) = f1{z1) = f2(x2) where f1 and f; are the target
functions over X; and X respectively.

Suppose we build hypotheses fi on X; and f; on X2. We as-
sume

P(fi(z1) = fa(z2)) P(fi(z1) = fa(z2)| fa(z2) = fi(x2))
P(fi(z1) # fa(x2)) P(fi(z1) # fa(x2)| fa(z2) # f3(x2))
The assumption can be interpreted as whether f; and f; agree is in-
dependent of the accuracy of f3 (or fi). This seems to be a some-
what plausible starting point. One popular assumption used[4] is
that z; and x, are conditional independent given the labels, i.e.,
P(xz1 = z|z2 = 25) = P(z1 = 71| fo(z2) = fo(xh)). Now we
use fi to classify new instances z = (x1,22), let a be the accu-
racy of f3. The misclassification error is P(fi{z1) # f(x1,x2)).

Note that P(fi(z1) # f(z1,22)) = P(fi(z1) # fo(22)) =
P(fi(z1) # fi(z1)).
HenceP(f1(z1) # f2(z2)) = 1 — P(fi(x1) = fa(z2))

= 1—{aP(fi(z1) = fi(z2)) + (1 - &)P(fi(z1) # fa(z2))}
1= {aP(fi(z1) = f2(z2)) + P(fi(z1) # f3(x2))
—aP(fi(z1) # f3(x2))}
1= a{P(f{(z1) = fa(z2)) — P(fi(z1) # fa(z2))}
—P(fi(z1) # fa(z2))

Now define a function f(a,z,y) = 1—-a(z—y)—y where z+y =
1. Hence

g(z,a) = fla,z,y) =z —a(z—1+2) =2 — 2az + a,
dg/dz =1-2a<0 ifa>1/2,
dgfda=1-2z <0 ifz>1/2.

So if both P(f(z1) = f2(z2)) and a are greater than 1/2, then
increasing a and P(fi(z1) = fi(z2)) would decrease the mis-
classification error of the model using the first component of the
instances. Similarly, when using f; to classify new instances © =
(z1,x2) and letting b be the accuracy of f{, we obtain that if both
P(f1(z1) = fa(x2)) and b are greater than 1/2, then increasing
a and P(fi(z1) = f5(z2)) would decrease the misclassification
error of the model using the second component of the instances. In
other words, minimizing the disagreement,i.e.,increasing P(fi(z1)
f4(x2), would decrease the misclassification error.

3For multi-class classification problem, scveral approaches can be
used to reduce it to binary ones [1].



3. CO-UPDATING APPROACH

Based on the proof in Section 2, we propose a co-updating ap-
proach to minimize the disagreement. The co-updating approach
differs from the popular co-training algorithm presented in [4] and
the coBoosting algorithm described in [7]. The popular co-training
algorithm incrementally incorporate the unlabeled data into learn-
ing and the coBoosting adaptively update the distribution of the
training samples. The basic idea of co-updating is as follows: The
labeled samples are first used to get weak hypotheses f2on X; and
£9 on X2. For every unlabeled sample (xx1,x2), we use f9(x2) as
the noisy label for z; to update fQ and use f2(x1) as noisy label
for z, to update f. This process is then repeated until some stop
criterion is met. The co-updating approach is described as follows:
The intuition behind the co-updating approach is that we stochas-

Algorithm 1 Co-updating

Input: A collection of m labeled and n unlabeled data
a, § — default 0.15
T — default 10
Output:  Two classifiers that predict class labels for new
instances based on different information sources

1:  Build f2 from the first component of labeled samples

2:  Build f{ from the second component of labeled samples

3: Loop for T times

4: Use fli ~1 get the labels of all the samples based on
their first component, {371

5: Use fi~! get the labels of all the samples based on
their second component, I2~!

6: Update ™1, ie., fork := 1tom +n

7. r1=random(0, 1) (a random number in (0, 1))

8: if (11 < @), li(k) = (k)

9: Update 1571, i.e., forj := ltom +n

10: rp=random(0, 1) (a random number in (0, 1))

1 if (r2 < B), 3(5) = ()

12: Utilize the first component of all the samples,
viewing Ii as labels, to update ff'l and get f{

13: Utilize the second component of all the samples,

viewing I} as labels, to update f;‘l and get f3
14:  Output fT, /T

tically update the prediction of one modal using the information
from the other modal. If the initial classifiers are better than ran-
dom guess (a,b > %) and the agreement of the predictions from
the two modal is independent of each modal’s prediction accuracy,
then on average the co-updating approach, trying to minimize the
disagreement, should progress toward higher performance.

Let 71, v2 be two random vectors decided by r1, 72 in the co-
updating process, then

-Gl = Wm0 -G T 57
LG R RGP D [t ]
= (l-m-mwl -5

So the co-updating approach is trying to increase the disagreement.
Let L be the true labels for the samples. Note that

li—L = |5 +m@ -5~
= |[1-m)Ui™ ' - L)+m@y " - L)
Q=) = Ll +mll" - L.

Hence, we might be able to increase a or b while reducing the dis-
agreement. So the update rule concurs with our previous proof.
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4. RESULTS AND ANALYSIS

4.1 Data Description

The experiments carried out here use two types of genomic data.
The first data set consists of a set of 79-dimension gene expres-
sion vectors for 2465 yeast genes and it derives from a collection
of DNA microarray hybridization experiments where each sample
represents the logarithm of the ratio of expression levels of a partic-
ular gene under two different experimental conditions. The second
data set is a set of 24-element vectors for 2465 yeast genes and
it derives from phylogenetic profiles. Classification experiments
are carried out using gene functional categories from the Munich
Information Center for Protein Sequences Comprehensive Yeast
Genome Database(CYGD)®. The database contains several hun-
dred functional classes whose definitions come from biochemical
and genetic studies of gene function. Our experiments here use the
five most learnable classes with heterogeneous data types described
in [15]. The five classes are listed in Table 1.

Class Name Size
amino acid transporters 22
ribosomal proteins 173
sugar and carbohydrate transporters | 32
deoxyibonucleotide metabolism 9
mitochondrial organization 296

Table 1: Five Classes. Each row contains the name of the class
and the size of the class.

For convenience, in the rest of the paper, we call the five classes
as class I, I, IIT, IV and V respectively. We use SVM as base clas-
sifiers since it is state-of-art and has been successfully and widely
used in classification [5, 10]. Basically speaking, SVM is a mech-
anism which tries to classify data points in the input space by map-
ping them into a higher dimension feature space (using kernel func-
tion) and then finding the separating hyperplane in the feature space
with the largest margin. More details on SVM can be found in [6,
21]. In our experiments, we use the kernel function described in
Equation 1. This kernel function takes into account pairwise and
tertiary correlations among the measurements and was reported to
be very efficient [5, 15]. We also use the default parameter settings
in the co-update procedure.

4.2 Results on Balanced Distribution

Generally building models when one class is rare can be quite
difficult because there are often many unstated assumptions [25]. It
is conventional wisdom that classifiers built using all the data tend
to perform worse on the minority class than on the majority class
since the class priors in the natural distribution are biased strongly
in favor of the majority class and the minority class has much fewer
training and test samples [22]. It has been shown [22] that when the
area of ROC curve is used as the performance measure, the optimal
distribution generally contains between 50% and 90% minority-
class examples and the general strategy is always allocating about
half of the training examples to the minority class. Although the
balanced distribution will not always yield optimal distribution, it
will generally lead to results which are no worse than, and often
superior to those which use the natural class distribution [22]. So
our first set of experiments are carried on the balanced distributions
of the five classes. We use all the minority-class samples and the
balanced distributions are generated by randomly selecting an equal
number of major-class samples.

Ahttp./imips.gsf.de/proj/yeast/CYGD/db/index. html.



We then conduct experiments using our co-updating approach.
Although all of our samples are labeled, for the purpose of illus-
trating the usefulness of our co-updating approach, we use about
50% of the selected samples as labeled samples while the remain-
ing are regarded as unlabeled. The distributions of the samples
are described in Table 2. Due to the inside randomness of the co-
updating approach, the accuracy is calculated by averaging 10 runs.
The results are shown in Table 3-Table 7. The results are calcu-
lated by testing on all the selected samples. Each element of the
table is a 4-tuple (TP, TN, FP, FN) where TP represents the num-
ber of true positives, TN is the number of true negatives, FP is
the number of false positives and FN is the number of false nega-
tives. We represent the result as a 4-tuple since the the accuracy is
not an approximate measure when the class distribution is highly
skewed [22]. The cost function adopted in [5, 15] also suffers from
the fact of lacking theoretical or experimental verification. So here
in our experiment, we use the 4-tuple to try to give the readers a
more systematic and comprehensive view of the performance. In
each table, column A shows the result of the case when SVM is
obtained by training only on labeled samples, column B shows the
result using co-updating approach and column C shows the result
when SVM is obtained by training on all the selected samples (by
treating all of them as labeled samples)’. In these tables, column C
shows that, SVM correctly classify all the selected samples when
all of them are being used for training. In other words, the close
test of SVM gives perfect results. It can be drawn from these ta-
bles that the co-updating approach utilizes the unlabeled samples to
improve the learning performance on most counts: The results of
column B are better than those of column A in Table 3, Table 4 and
Table 7 and the result of column B is the same as that of column A
in Table 6. The results in Table 5 is a little bit mixed. While column
B has more correctly classified positive and negative samples than
column A for expression data, it has few correctly classified nega-
tive samples than column A for phylogenetic profiles. The reason
may be that for class III, the result of phylogenetic profiles in col-
umn A are much better than the result of expression data in column
A. In other words, the base classifier from one data type are con-
sistently better than the other, then the co-updating approach might
degrade the performance for the modal with a better base classifier.

4.3 Results on Whole Data Set

We also did another set of experiments on the whole data set.
In the set of experiments, we use all the data samples. Similar to
Section 4.2, for the purpose of illustrating the usefulness of our
co-updating approach, we use about 50% of the selected samples
as labeled samples while the remaining are regarded as unlabeled.
We only reported some experiments here to save space and they
are shown in Table 8 and Table 9. Similar results are observed for
other experiments and they are available from our website. Each
element of the result table is a 4-tuple (TP, TN, FP, FN). In each
table, column A shows the result of the case when SVM is obtained
by training only on labeled samples, column B shows the result
using co-updating approach and column C shows the result when
SVM is obtained by training on all the samples (by treating all the
samples as labeled samples). It can be drawn from these tables that
the co-updating approach utilize the unlabeled samples to improve
the learning performance.

5. CONCLUSION AND DISCUSSION

5The test result obtained in this case is usually called the close test.
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ClassName | TS | PS | NS { PSL | PSU | NSL | NSU
Class I 80 | 22 | 58 11 11 29 29
Class II 360 | 173 | 187 | 86 87 94 93
CLass I1I 100 | 32 | 68 16 16 34 34
Class IV 40 9 31 5 4 16 15
Class V 600 | 296 | 304 | 148 | 148 | 152 | 152
Table 2: The distributions of the samples used with co-

updating approach. All the entries are the number of sam-
ples, TS=total, PS=positive, NS=negative, PSL=positively la-
beled, PSU=unlabeled positive, NSL=negatively labeled and
NSU=unlabeled negative.

A B C
Expression | (18,58,4,0) | (19,59,1,1) | (22,58,0,0)
Phylogeny | (20,58,2,0) | (21,58,1,0) | (22,58,0,0)

Table 3: Experimental results of class I. For expression data,
column B has more correctly classified positive and negative
samples than A. For phylogeny, column B has more correctly
classified positive samples than A.

A
(172,176,1,11)
(173,175,0,12)

B C
(173,179,0,8) | (173,187,0,0)
(173,177,0,10) | (173,187,0,0)

Expression
Phylogeny

Table 4: Experimental results of class II. For expression data,
column B has more correctly classified positive and negative
samples than A. For phylogeny, column B has more correctly
classified negative samples than A.

A B C
Expression | (26,60,6,8) | (27,64,5.4) | (32,68,0,0)
Phylogeny | (29,67,3,1) | (29,65,3,3) | (32,68,0,0)

Table 5: Experimental results of class III. For expression data,
column B has more correctly classified positive and negative
samples than A. For phylogeny, column B has few correctly
classified negative samples than A.

A B C
Expression | (9,66,0,5) | (9,66,0,5) | (9,71,0,0)
Phylogeny | (9,66,0,6) | (9,66,0,6) | (9,71,0,0)

Table 6: Experimental results of class IV. The result of column
B and column A are the same.
A

B C
Expression | (288,284,8,20) | (289,286,7,18) | (296,304,0,0)
Phylogeny | (281,286,15,18) | (287,288,9,16) | (296,304,0,0)

Table 7: Experimental results of class V. For expression data,
column B has more correctly classified positive and negative
samples than A. For phylogeny, column B has more correctly
classified positive and negative samples than A.

A B C
Expression | (13,2443,0,0) | (13,2438,9,5) | (12,3432,10,11)
Phylogeny | (13,2436,9,7) | (13,2436,9,7) | (12,2432,10,11)

Table 8: Experimental results of class I on whole data set. For
expression data, column B has more correctly classified neg-
ative samples than A. For phylogeny, column B has the same
result as A.

A B C
Expression | (191,2144,105,25) | (253,2154,43,15) | (292,2163,4,6)
Phylogeny | (225,2136,71,33) | (248,2149,4820) | (294,2168,2,1)

Table 9: Experimental results of class V on whole data set. For
expression data, column B has more correctly classified posi-
tive and negative samples than A. For phylogeny, column B has
more correctly classified positive and negative samples than A.




In this paper, we present a co-updating approach for gene func-
tional classification from multiple information sources. The co-
updating approach tries to minimize the disagreement between the
individual models and makes use of both labeled and unlabeled
data. The co-updating approach could also be applied to multi-
modal learning tasks such as word learning [18] and object recog-
nition [20] since spatio-temporal and cross modal coherence is a
powerful constraint in sensory data of the physical world. We
could apply the co-updating approach to utilize the approximately
co-incident information of different modalities in these tasks.

Our experiments reported here suggest that co-updating approach
could be able to utilize the unlabeled data to improve the classifica-
tion performance. In the case where one data type has a consistent
better base classifier than the other data type, the co-updating might
degrade the performance of the data type with a better classifier.
So the desired situation for co-updating approach is that different
data types should have approximately the same prediction power.
This indeed confirms the widely used assumption in multi-modal
research. Our experiments also verify that SVM is the state-of-art
supervised learning method: it gives perfect classification results in
most of our experiments.

There are several natural avenues for future research. First, one
obvious research direction is to include multiple biological data
types for gene functional classification and to extend the co-updating
approach to multiple data sources. Second, many feature selection
techniques could be incorporated into co-updating approach. Third,
as we mentioned earlier, there does not exist a good performance
measure for gene functional classification. So to come up with a
theoretical or experimental justified performance measure is also
an important task.
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