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Abstract. Machine learning techniques have been recognized as power-
ful tools for the analysis of gene expression data. However, most learning
techniques used in class prediction in gene expression analysis during the
past years generate black-box models. Although the prediction accuracy
of these models could be very well, they provide little insight into the
biological facts. This paper holds the recognition that a more reasonable
role for machine learning techniques is to generate hypotheses that can
be verified or refined by human experts instead of making decisions for
human experts. Based on this recognition, a general approach to gen-
erate comprehensible hypotheses from gene expression data is described
and applied to human acute leukemias as a test case. The results demon-
strate the feasibility of using machine learning techniques to help form
hypotheses on the relationship between genes and certain diseases.

1 Introduction

DNA arrays consist of a large number of DNA molecules spotted in a systemic or-
der on a solid substrate. When the diameter of the DNA spot is less than 250µm,
DNA arrays can be categorized as microarrays [14][19]. With the development of
microarray technology, the simultaneous measurement of gene-expression levels
for thousands of genes is now possible. Analyzing gene expression data could be
helpful for medical treatment. For example, systematic and unbiased approaches
could be developed for cancer classification through analyzing gene expression
data, which is very important for cancer treatment [8]. However, as keeping track
of thousands of measurements and their relationships is overwhelmingly compli-
cated, gene expression data is difficult to analyze without the help of computers.

During the past years, machine learning techniques have been recognized
as powerful tools for gene expression analysis [16]. Machine learning [15] is the
study of computer algorithms capable of learning to improve their performance
of a task on the basis of their own previous experience. It is closely related to
pattern recognition and statistical inference, and has data mining as its engineer-
ing application aspect. Machine learning techniques such as clustering, neural
networks, hidden Markov models, and nonlinear regression have already been
widely used in the practice of engineering, business, and science.



In analyzing gene expression data, most work had primarily been descriptive
rather than analytical and had focused on cell culture rather than primary pa-
tient material, in which genetic noise might obscure an underlying reproducible
expression pattern. Since Golub et al.’s work [8], learning techniques such as
neural networks [1][8], support vector machines [2][7], ensemble learning meth-
ods [1][2][4][5][22], nearest neighbor classifiers [2], logistic regression [13], linear
discriminant analysis [5][17], emerging patterns [12], etc. have been applied to
gene expression data, where the goal is to classify cases into diagnostic or prog-
nostic categories. However, almost all the learning techniques used in gene ex-
pression analysis during the past years generate black-box models. Although the
prediction accuracy of these models could be very well, they provide little insight
into the biological facts and can hardly provide explicit explanations for their
predictions.

Imagine the scenario where a patient asked the doctor why he made a spe-
cific diagnosis, the doctor said he could not explain because he did not know
either. Of course such a diagnosis is unacceptable. This somewhat reflects the
problem of prediction with black-box models. In fact, it is not reasonable to
anticipate computers replace experienced human medical experts. Therefore a
more reasonable role for machine learning techniques is to generate hypotheses
that could be verified or refined by human experts, which might be the basis for
further understanding of the relationship between specific genes and diseases. It
is evident that black-box models are helpless to this purpose.

In fact, there are many works devoted to the improving of the comprehen-
sibility of black-box models [24], some of which has already been applied to
medical diagnosis [10][21]. Unfortunately, as mentioned before, in the analysis
of gene expression data, almost all the methods used before generate black-box
models.

In this paper, a general approach to generate comprehensible hypotheses
from gene expression data is described, which is based on a recent achievement
of machine learning, i.e. the C4.5Rule-PANE method [25]. This paper applies this
approach to human acute leukemias as a test case. The results demonstrate the
feasibility of using machine learning techniques to help disclose the relationship
between genes and certain diseases.

The rest of this paper is organized as follows. Section 2 briefly introduces the
C4.5Rule-PANE method. Section 3 describes the case study on generating com-
prehensible hypotheses for human acute leukemias from gene expression data.
Section 4 concludes.

2 The Method

Although the main purpose of this paper is to report on the application of the
C4.5Rule-PANE method to human acute leukemias, for the self-containness of
this paper, here a brief introduction on the method is given. Interested readers
can refer [25] for more details.



Suppose there is a gene expression data set S = {(x1, y1), (x2, y2), · · · , (xl, yl)},
where xi is a feature vector coding the gene measurements on a case, yi is the
known outcome of the case corresponding to xi, l is the number of cases with
known outcomes.

At first, bootstrap sampling [6] is employed to produce N data sets with the
same size as |S|, i.e. the number of cases in S. A neural network classifier is then
trained from each of these new data sets. Therefore a neural network ensemble
[27] is obtained.

After that, the neural network ensemble is used to judge the cases in S. In
detail, all the feature vectors xi (i = 1, 2, · · · , l) are fed to the neural network
classifiers. For xi, N predictions will be provided, each by one neural network
classifier. Then, the majority of these N predictions is regarded as the outcome
of the neural network ensemble on xi, which is denoted as y′i. Therefore, after
processing all the cases in S, a new data set S′ = {(x1, y

′
1), (x2, y

′
2), · · · , (xl, y

′
l)}

is generated.
Moreover, a set of random vectors x∗j (j = 1, 2, · · · ,m) can be generated,

where the k-th element of x∗j is a value randomly chosen from the values that
could appear on the k-th gene measurement. These vectors are fed to the neural
network ensemble. Let the outcome of the neural network ensemble on x∗j be
denoted as y∗j . Then a data collection S∗ = {(x∗1, y∗1), (x∗2, y

∗
2), · · · , (x∗m, y∗m)} is

generated. Through combining S′ and S∗, a new data set S∗∗ is obtained. The
size of S∗∗ can be controlled by the parameter µ = m/l. Note that S∗∗ could be
far bigger than the original data set S because m could be far bigger than l.

Then, a C4.5 decision tree [20] is trained from S∗∗ and every path from the
root to a leaf is converted to an initial propositional rule by regarding all the
test conditions appearing in the path as the conjunctive rule antecedents while
regarding the classification held by the leaf as the rule consequence. All the
initial rules are generalized by removing antecedents that do not seem helpful
for distinguishing a specific class from other classes. Rules that do not contribute
to the accuracy of the rule set are also removed. A default rule is created for
dealing with cases that have not been covered by any of the generated rules,
which has no antecedent and the consequence is the biggest class among these
cases. The resulting rules could finally be organized into an ‘IF-THEN-ELSE’
format with embedding ‘IF-THEN-ELSE’ structures, which corresponds to a
hypothesis generated from the gene expression data.

The details of C4.5Rule-PANE can be found in [25], whose computational
cost is very close to that of the neural network ensemble. It has been proven [26]
that training a neural network ensemble and then using it to predict the training
data, which is then given to another learning approach, could be beneficial. The
premise is that the original training data set contains much noise and has not
fully captured the target distribution, and the neural network ensemble is more
accurate than the model directly trained from the original training data set by
the second learning approach. It is evident that the first condition is very easy
to meet because in rare applications the training data set does not contain much
noise and does fully capture the target distribution.



Note that the C4.5Rule-PANE algorithm is not an algorithm which simply
extracts faithful rules from neural network ensembles [24]. Instead, some mistakes
made by the neural network ensemble could be corrected during the learning of
the rules. Thus, the generalization ability of C4.5Rule-PANE can be even higher
than that of the neural network ensemble [25][26].

It is also worth noting that in analyzing gene expression data, an often en-
countered problem is that there are only a small number of cases with known
outcomes. Thus, models built by machine learning techniques are not very reli-
able since the training set is too small. C4.5Rule-PANE has two keys to relax
this limitation. The first is the generation of S∗ with the help of neural network
ensemble, which could greatly enlarge the training set for the rule generation
process. The second is the comprehensible rules it generated, which could be
verified by human experts instead of could only be used alone.

In fact, different rules can be produced if C4.5Rule-PANE is run for several
times. These rules can be validated if there are cases with known outcomes that
have not been used in training, and the rule with the highest validating accuracy
can be regarded as the final hypothesis which might be helpful in disclosing the
relationship between certain genes and diseases.

3 Case Study

Chemotherapy regimens for acute lymphoblastic leukemia (ALL) generally con-
tain corticosteroids, vincristine, methotrexate, and L-asparaginase, whereas most
acute myeloid leukemia (AML) regimens rely on a backbone of daunorubicin and
cytarabine [3][18]. Although remissions can be achieved using ALL therapy for
AML and vice versa, cure rates are markedly diminished, and unwarranted toxi-
cities are encountered. So, distinguishing ALL from AML is critical for successful
treatment.

The data were taken from [8]. The training data set consists of 11 AML cases
and 27 ALL cases, while the test data set consists of 14 AML cases and 20 ALL
cases. Each case is composed of 7,129 gene expressions.

Since the number of gene measurements is very large compared to the number
of cases, feature selection in the context of gene expression analysis has been
investigated and found beneficial [1][4][9][11]. In a previous work where seven
different feature selection methods were applied to the concerned data, it was
found that among the 7,129 measurements, there were only 30 being chosen by
more than two methods [4]. Therefore, here only these 30 measurements are used.
The results reported below show that such a feature selection scheme is quite
effective. Note that among these 30 measurements only 16 measurements finally
appear in the hypotheses generated by C4.5Rule-PANE, as shown in Table 1.

Through setting the parameter µ to 1, 2, 3 and 4, respectively, four different
hypotheses have been generated by C4.5Rule-PANE, as listed in Table 2. Here
(x/y) at the end of each line indicates that among the 34 test cases, y cases were
judged by this line while x cases were correctly judged.



Table 1. Measurements appear in the hypotheses

ID# Gene accession number Gene description

5 AFFX-BioC-3 at AFFX-BioC-3 at (endogenous control)
8 AFFX-CreX-5 at AFFX-CreX-5 at (endogenous control)
13 AFFX-BioC-5 st AFFX-BioC-5 st (endogenous control)
22 AFFX-DapX-3 at AFFX-DapX-3 at (endogenous control)
461 D49950 at Liver mRNA for interferon-gamma

inducing factor (IGIF)
1834 M23197 at CD33 CD33 antigen (differentiation antigen)
1882 M27891 at CST3 Cystatin C (amyloid angiopathy and

cerebral hemorrhage)
2020 M55150 at FAH Fumarylacetoacetate
2242 M80254 at PEPTIDYL-PROLYL CIS-TRANS ISOMERASE,

MITOCHONDRIAL PRECURSOR
2402 M96326 rnal at Azurocidin gene
2759 U12471 cds1 at Thrombospondin-p50 gene extracted from

Human thrombospondin-1 gene, partial cds
3258 U46751 at Phosphotyrosine independent ligand p62

for the Lck SH2 domain mRNA
3320 U50136 rnal at Leukotriene C4 synthase (LTC4S) gene
4847 X95735 at Zyxin
5039 Y12670 at LEPR Leptin receptor
6201 Y00787 s at INTERLEUKIN-8 PRECURSOR

The test accuracy of any of these hypotheses is 97.1%. In fact, each hypothe-
sis made only one misclassification. Note that endogenous control measurements
appear in Hypothesis 3 and Hypothesis 4, and therefore Hypothesis 1 and Hy-
pothesis 2 are more preferable.

Since the data used in this case study has been widely investigated, the test
accuracy of the above hypotheses can be compared with the best accuracy re-
ported by different researchers, as shown in Table 3. Note that since the machine
learning techniques used in most previous research on human acute leukemias
generate black-box models, the comprehensibility of the hypotheses generated
by C4.5Rule-PANE is much better.

Table 3 shows that the accuracy of the hypotheses generated by C4.5Rule-
PANE is very comparable to the best result reported before. In fact, since the test
data set is very small (only 34 cases), the reliability of a model is not guaranteed
even though its test accuracy reaches 100%. Different to the black-box models
used before [1][2][4][5][7][8][13][17][22], the hypotheses generated by C4.5Rule-
PANE can be verified by human experts. Therefore, it can be anticipated that
they are of greater value in prediction than black-box models. Moreover, it is
worth noting that the value of these hypotheses are beyond pure prediction,
because they are comprehensible and might help human experts to disclose the
relationship between certain genes and diseases.



Table 2. Hypotheses generated on the human acute leukemias data set

Hypothesis 1:

IF (M27891 at > 820) AND (U12471 cds1 at > 145)
THEN class = AML (11/11)

ELSE IF (X95735 at ≤ 1380.257218) THEN class = ALL (18/18)
ELSE IF (U50136 rna1 at ≤ 1464.485389) THEN class = ALL (2/3)
ELSE class = AML (2/2)

Hypothesis 2:

IF (Y00787 s at ≤ 523) AND (M23197 at ≤ 472.769728)
THEN class = ALL (16/17)

ELSE IF (D49950 at > 58.110118) AND (M23197 at > 191.728789)
AND (U12471 cds1 at > 56.992413) THEN class = AML (13/13)

ELSE IF (U46751 at > 5402.227657) AND (M96326 rna1 at
≤ 17475.565446) THEN class = AML (0/0)

ELSE class = ALL (4/4)

Hypothesis 3:

IF (M27891 at ≤ 1358) AND (Y00787 s at ≤ 11858.081462)
THEN class = ALL (19/19)

ELSE IF (U12471 cds1 at > 173.296678) THEN class = AML (9/9)
ELSE IF (M27891 at > 7090.800758) AND (M80254 at ≤ 693) AND

(AFFX-BioC-3 st ≤ -225) AND (M27891 at ≤ 14708.236206)
THEN class = ALL (0/0)

ELSE IF (Y12670 at ≤ 2017.153487) THEN class = AML (5/6)
ELSE IF (AFFX-CreX-5 at ≤ -393.142106) THEN class = AML (0/0)
ELSE class = ALL (0/0)

Hypothesis 4:

IF (M27891 at > 851.428976) AND (U12471 cds1 at > 139.014026)
AND (D49950 at > 19.992492) THEN class = AML (12/12)

ELSE IF (Y12670 at > 1233.788534) AND (M55150 at > 284.216049)
THEN class = AML (0/0)

ELSE IF (M23197 at ≤ 288) THEN class = ALL (19/19)
ELSE IF (AFFX-DapX-3 at ≤ -94.34693) THEN class = ALL (1/2)
ELSE IF (AFFX-BioC-5 st ≤ -264.931499) THEN class = AML (1/1)
ELSE class = ALL (0/0)

4 Conclusion

Machine learning techniques have been introduced into gene expression analysis
recently. However, almost all the previous works emphasize on constructing mod-
els with high prediction accuracy, nevertheless the models are black-boxes. This
paper claims that an important role for machine learning techniques to play in
gene expression analysis is to help human experts grasp the laws behind biologi-
cal facts, therefore comprehensible hypotheses might be more helpful than black-



Table 3. Comparing the test accuracy of the hypotheses generated by C4.5Rule-PANE
with the best accuracy reported by different researchers

Authors Year Method Accuray

Golub et al. [8] 1999 Self-Organizing Map 85.3%
Ben-Dor et al. [2] 2000 AdaBoost 95.8%
Furey et al. [7] 2000 Support Vector Machine 94.1%
Li & Yang [13] 2001 Logistic regression 94.1%
Cho & Ryu [4] 2002 Ensemble of heterogeneous classifiers 100%
Dudoit et al. [5] 2002 BoostCART 95.0%
Li & Wong [12] 2002 Emerging Patterns 91.2%
Nguyen & Rocke [17] 2002 Logistic discriminant 97.1%
Albrecht et al. [1] 2003 Ensemble of perceptrons 100%
Tan & Gilbert [22] 2003 Ensemble of decision trees 91.2%
Yun & Keong [23] 2005 Discrete Function Learning 94.1%
this paper now C4.5Rule-PANE 97.1%

box models. Based on this recognition, this paper presents a general approach to
generate comprehensible hypotheses from gene expression data, which utilizes a
recent proposed machine learning technique, i.e. the C4.5Rule-PANE method.
Case study show that this approach work well on human acute leukemias. It
is evident that such an approach can be applied to generate comprehensible
hypotheses from other gene expression data, which may help enlarge the bene-
fit from microarray technology. In the future the authors expect to work with
experts on genes and diseases, wishing that the power of the C4.5Rule-PANE
method can be really utilized.
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