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a b s t r a c t
Objective: High-throughput technologies have generated an unprecedented amount of high-dimensional
gene expression data. Algorithmic approaches could be extremely useful to distill information and derive
compact interpretable representations of the statistical patterns present in the data. This paper proposes a mining approach to extract an informative representation of gene expression proﬁles based on a
generative model called the Counting Grid (CG).
Method: Using the CG model, gene expression values are arranged on a discrete grid, learned in a way
that “similar” co-expression patterns are arranged in close proximity, thus resulting in an intuitive visualization of the dataset. More than this, the model permits to identify the genes that distinguish between
classes (e.g. different types of cancer). Finally, each sample can be characterized with a discriminative
signature – extracted from the model – that can be effectively employed for classiﬁcation.
Results: A thorough evaluation on several gene expression datasets demonstrate the suitability of the
proposed approach from a twofold perspective: numerically, we reached state-of-the-art classiﬁcation
accuracies on 5 datasets out of 7, and similar results when the approach is tested in a gene selection
setting (with a stability always above 0.87); clinically, by conﬁrming that many of the genes highlighted
by the model as signiﬁcant play also a key role for cancer biology.
Conclusion: The proposed framework can be successfully exploited to meaningfully visualize the samples;
detect medically relevant genes; properly classify samples.
© 2016 Elsevier B.V. All rights reserved.

1. Introduction
Technologies such as gene expression microarrays and RNA-seq
provide scientists with a way to measure the expression levels of
thousands of genes simultaneously. Computational approaches are
increasingly needed to manage this amount of data, and are effectively helping researchers to unravel the complexity of biological
systems. Examples of computational problems related to the analysis of a gene expression matrix (a matrix containing the expression
level of different genes under different experimental conditions)
are classiﬁcation of samples [1–4], clustering of genes or pathological subtypes [5,6], and selection of differentially expressed or
discriminative genes [7].
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E-mail address: pietro.lovato@univr.it (P. Lovato).
http://dx.doi.org/10.1016/j.artmed.2016.05.002
0933-3657/© 2016 Elsevier B.V. All rights reserved.

Other than sophisticated methods of quantitative analysis, highthroughput experiments brought also the need for visualization,
thoughtful validation, and, more generally, a deeper understanding
of the phenomenon under investigation. For these reasons, interpretable models are required. In this context, generative models
(in particular, topic models and latent process models [8]) have
been shown to provide highly interpretable solutions, more than
achieving high accuracy for classiﬁcation tasks [9,10]. Within this
literature, topic models have been either designed ad hoc for gene
expression analysis [11,12], or exported from Natural Language
Processing by postulating an analogy between textual documents
and microarray samples [10,13]. In the latter case, the starting
point is to see a gene expression proﬁle (i.e. a sample) as a “bag
of words” vector [14] – a numerical vector in which every entry
counts how many times each “word” of a pre-deﬁned dictionary
occurs in the considered document. Similarly to text documents,
a gene expression proﬁle can be seen as a bag of words vector –
genes now represent the words – since each entry measures the

2

P. Lovato et al. / Artiﬁcial Intelligence in Medicine 70 (2016) 1–11

intensity of expression of each gene (which indirectly reﬂects the
amount of mRNA transcripts). This analogy also permits to exploit
topic models in this context [10,13], which, by introducing the
concept of “topic”, allow to model co-occurrence (or co-expression)
patterns within the data. Topics are latent distributions that assign
high probability to co-occurring “words”, and act as intermediate
descriptors of samples (in the gene expression case, they can be
associated to biological processes, as shown in [10,13]).
However, a common assumption of most topic models is that
the topics act independently of each other. While this assumption is
often needed to simplify computations and inference, it may be too
simplistic in the gene expression scenario, where it is known that
biological processes are tightly co-regulated and interdependent
in a complex way. In this paper we make a step forward along this
research line – pursuing the topic model philosophy, but coping
with the afore-described limitation – presenting a novel strategy
to extract an informative representation for a set of experimental
samples through a recent generative model called Counting Grid
(CG – [15]). The Counting Grid represents a probabilistic model for
objects represented as “bag of words”, that was recently introduced
for text mining [15] and image processing [16]. The idea behind the
model is that the topics are arranged on a discrete grid, learned in
a way that “similar” topics are closely arranged. Similar biological
samples, i.e. sharing topics and active genes, are mapped close on
the grid, allowing for an intuitive visualization of the data set. More
speciﬁcally, the CG seems to be very suitable in the gene expression
scenario for the following reasons:
• The CG provides a powerful representation, which permits to
capture evolution of patterns in experiments, and can be clearly
visualized.
• The CG is well suited for data that exhibit smooth variation
between samples. Expression values are biologically constrained
to lie within certain bounds by purifying selection [17] and variation in only a few expression values can cause a pathology. This
speciﬁc property of the data is captured well by the model.
• The CG permits a principled and founded way to extract the most
relevant genes that are associated with a disease [18].
• Last, but not least, it is possible to achieve a better classiﬁcation
accuracy with respect to other topic model approaches, as well
as to the recent state of the art.
In this paper, we comprehensively evaluate the CG model for
mining and modeling gene expression data; we start from the preliminary ﬁndings which appeared in the literature [18,19], but we
thoroughly evaluate the capabilities of the model with respect to
the following novel aspects:
1. By visualizing different data sets, we show that samples belonging to different biological conditions (such as different types of
cancer) cluster together on the grid, supporting this claim with
a numerical validation (Section 4.1).
2. We systematically tested the accuracy of the CG model both in a
gene selection and in a classiﬁcation setting, experimenting on
7 different benchmark datasets, obtaining results comparable
with the recent state-of-the-art.
3. We prove that the model is able to highlight genes that are
involved in the pathology or in the phenomenon which motivated the experiment; moreover, the selected genes have a
beneﬁcial effect when used for classiﬁcation, quantitatively
comparable with other gene selection techniques.
4. We evaluate the sensitivity of the model to parameters such as
grid and window size and the robustness of the model to overﬁtting.

2. Methods
2.1. The Counting Grid model
In machine learning research, a data point is often represented as
a “bag of words”: the representation is obtained by counting how
many times each “word” (i.e. constituting feature) occurs in the
object. This paradigm can represent in a vector space many types
of objects, even ones that are non-vectorial in nature. However,
one drawback is that in some domains and applications it destroys
the possible structure of objects. A clear example can be found in
the Natural Language Processing domain (where the bag of words
has been originally introduced): by representing a document as a
vector of word counts, the ordering of the words in such document
is lost.
Recently, an analogy has been established between the Natural Language Processing and the gene expression contexts [10]:
the idea is to directly interpret the gene expression matrix as a
bag of words, where genes represent words and a sample st represents a document. The expression value can be seen as a count: the
higher the expression, the higher the number of transcripts that
will be translated into fully functional proteins. In the past, such
bag of words representation of gene expressions has been successfully modeled with topic models [10]: these models, introduced
in the text mining community, learn a small number of topics
which correlate related genes particularly active in a subset of samples. However, there are no strong constraints in how topics are
mixed, because they are assumed to be statistically independent.
This is a strong drawback, overcame in the Counting Grid model
by arranging these distributions representing topics on a discrete
grid with topological constraints: intuitively, similar “topics” are
located nearby on the grid, and have similar genes’ distributions.
Formally, the Counting Grid i,z is a D-dimensional discrete grid,
of size E = (E1 , . . ., ED ). Each position on the grid is indexed by i = (i1 ,
. . ., iD ), where id ∈ {1, . . ., Ed }. Each cell
represents a tight distribution over genes (indexed by z), so
z  i,z = 1. A given sample
st , represented by expression values {gzt } is assumed to follow a
distribution found in a window of dimensions W = (W1 , . . ., WD )
somewhere in the counting grid. The window is identiﬁed by the
location k (upper-left corner of the window) and includes the grid
region Wk = [k . . . k + W], that is the region starting from the location k (upper-left corner of the window) and extending in each
direction d by Wd grid positions. For example, in Fig. 1 we show
a bidimensional CG containing 10 × 10 cells (E = (10, 10)), where
the window has size W = (3, 3). Assuming that the sample st is
generated from the window which starts in position k = (3, 8), the
distribution of its genes is deﬁned as the average of all the distributions from (3,8),z to (5,10),z (zoomed in the right part of Fig. 1).
Mathematically, this average – given a gene indexed by z in sample
st – is computed as:
hk,z =





1
d

Wd

i,z

(1)

i ∈ Wk

A consequence of this can be seen in Fig. 2: if we consider two
samples located nearby (s1 and s2 in the ﬁgure), we note that they
share some cells on the grid, and for this reason their genes’ distributions will be similar. In other words, spatial proximity implies
similarity of expression values.
More formally, the position (upper-left corner) of the window
k in the grid is a latent variable, given which the probability of the
bag of words {gzt } for sample st is

p({gzt }|k) =



(hk,z )

z

gzt


=



1
d

Wd

⎛
⎞gzt
 
⎝
i,z ⎠
z

i ∈ Wk

(2)
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Fig. 1. On the left, an example of a Counting Grid: each cell in the grid correspond to a topic, i.e. a genes’ distribution. On the right, we sketch the generative process: to
generate a sample, we ﬁrst select a ﬁxed-size window (individuated by its upper-left corner k), and then we generate the expression of a gene by taking the average of its
values in the window.

which can be thought of as the probability that the observed genes’
expressions {gzt } are generated by a multinomial distribution with
parameter hk,z .
Relaxing the terminology, we will refer to E and W respectively
as the counting grid size and the window size, indicating with Wk
the particular window placed at 
location k. We will refer to the
ratio of the window volumes,  =

(Ed /Wd ), as the capacity of the

d

model in terms of an equivalent number of topics, as this represents
how many non overlapping windows can be ﬁt onto the grid.
To learn a Counting Grid, we need to maximize the log likelihood
of the data:

log P =

T

t=1

log



gt

z
hk,z

k

(3)

z

The sum over the latent variables k makes it difﬁcult to perform
assignment to the latent variables while also estimating the model
parameters. The problem is solved by employing an EM procedure
[20], which iteratively learns the model by minimizing a bound F
on the log likelihood log P by alternating the E and M-step. F is often
referred to as the free energy of the model and, for the CG model,

is equal to



log P ≥ F = −

t

qtk · log qtk +

 
qtk

t

k

gzt · log

i,z

i∈W t
k

z

k



(4)
where qtk = P(k|st ) is the distribution over the latent mapping onto
the counting grid of the tth sample. The E-step estimates qtk , a quantity representing the probability of a bag t being generated from a
position k of the grid. The M-step re-estimates the counting grid
 given the current q. As a ﬁnal consideration, it is important to
consider the counting grid as a torus, and perform all windowing
operations accordingly. We sketched the pseudo-code for learning
a CG in Algorithm 1; interested readers can also refer to [15].
Algorithm 1.

EM-algorithm to learn a counting grid

Require: Gene expression matrix {st }, t = 1 . . . T
1:
while EM not converged do
% E-step
2:
for each sample t =1 . . . T do
3:
Update qtk ∝ exp

4:

5:
6:

end for
% M-step

7:

old
Update i,z ∝ i,z
·



gt
z z

log hk,z



 t
qt
k
gz
t
k|i ∈ Wk hk,z
Compute hk,z = 1
i,z
i∈W

8:

d

Wd

k

Compute the free energy F with Eq. (3)
Check for convergence: |F − Fold | < 
end while
return i,z , qtk

9:
10:
11:
12:

2.2. Computational efﬁciency
Careful examination of the steps in Algorithm 1 reveals that by
the efﬁcient use of cumulative sums, both the E and M steps are
linear
in the size of the counting grid. Both steps require computing
i (or a quantity related to ), which can be done by
i∈W
k

ﬁrst computing – in linear time – the cumulative sums of  and
then computing appropriate linear combinations. For example, in
the 2D case we have 
i = (i, j), k = (k, l) and one can
 compute the
cumulative sum Fm,n = (i,j)≤(m,n) i,j and then set
i,j =
(i,j) ∈ W
(k,l)

Fig. 2. Samples located nearby on the grid share some locations: in this way, the
average of their gene expression will be similar.

Fk+W1 +1,l+W2 +1 − Fk,l+W2 +1 − Fk+W1 +1,l + Fk,l . An intuitive explanation of this is portrayed in Fig. 3. Finally, note that the E-step is linear
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Fig. 3. Cumulative sums allow to efﬁciently compute the sum of the elements in an arbitrary window inside the grid.

in the number of genes, making the learning procedure efﬁcient in
cases of high-dimensional gene expression data.

In the formula, we take the absolute value because we considered
as equally relevant genes which under express in the transition to
class l and genes which over express in the transition to class l.1
3. An illustrative example: mining yeast expression

2.3. Class embedding and biomarker identiﬁcation
In the majority of the datasets of gene expression, samples
are equipped with a label that reﬂects its category, such as the
pathological subtype, or the different tissue of the organism under
analysis. Let us call these labels yt = l, l = [1, . . ., L], each yt representing the class index of the sample t. Once a Counting Grid is
learned and the location of each sample is probabilistically located
on the grid (by looking at qtk ), it is possible to obtain a posterior probability of each class p(l|i) =  l (i) in each position i. This is
achieved using the posterior probabilities qtk already inferred in
the EM:


qt · [yt = l]
t
∈ Wk k
k|i
l (i) =
t
t

q

(5)

k|i ∈ Wk k

where [·] is the indicator function, that indicates membership of an
element in the class: the output is 1 if sample t belongs to class l,
0 otherwise. Intuitively, we are “averaging” the posterior (i.e. the
probability of being generated from a speciﬁc location) of all points
belonging to class l. This results in a map for every class l, of the
same size of the CG, which clearly indicates which regions of the
CG better “explain” the class labeled by l (the higher the posterior
p(l|i) in certain zone, the higher the probability of ﬁnding samples
of class l in such part of the grid).
Starting from this  l (i), it is now possible to derive information
about which genes are more relevant for class l. The main idea is
the following: genes that are mostly distinguishing of the class l
are the ones which vary most along the boundary that separate
the classes. Once a class is embedded in the grid, computing the
gradient v of this embedding, v = ∇ l (i), may provide information
about where and how this class separates from the others. Genes
that are mostly distinguishing of the class are the ones which vary
most in the direction of the class separation. This information can
be captured mathematically by the directional derivatives of the
grid z,i in the direction v of the class gradient. Thus, we can derive
a score for each gene (the higher the score, the more important the
gene in discriminating the class from the others) by summing such
quantity over all the locations i, multiplying it by the module of v
to reward more the variation in expression where we have a high
variation between classes. In formulae, the score for each gene gz
is equal to:

 
 



v


v · ∇ z,i 
Fz =
|v| · |v| · ∇ z,i  =
i

i

(6)

To illustrate the main features of the proposed framework we
present a simple example, where we studied a dataset by DeRisi
et al. [21], measuring the gene expression of 6400 genes in Saccharomyces cerevisiae during the metabolic shift from fermentation
to respiration. Expression values have been measured at 7 different time points. From our point of view, each time point is a bag
st = {gzt }, z = 1, . . ., 6400. As done in other applications, we performed a ﬁltering of the genes,2 obtaining a ﬁnal reﬁned dataset
of 310 gene expression values at 7 time points.
We learned the CG using these 7 samples, by setting the parameter  to 4: speciﬁcally, we opted for a 12×12 grid with a 6×6 window
for a clearer visualization. In the left part of Fig. 4 we provide a
visualization of the mapping position on the learned CG of the 7
experiments – each red dot corresponds to the maximum of the qt ,
i.e. to the most probable position of a given time point t. The highlighted path connects the temporal transition between the 7 time
points, permitting a clear understanding of the dataset. By looking
at this embedding, it seems that the more pronounced transition
occurs between the 3rd and the 4th time points. Thus, we roughly
divided the dataset in 2 classes: we can see the distribution of the
“respiration” class (samples 4-5-6-7), i.e. the map  l (i), in the right
part of Fig. 4. From this map, we computed the gradient of  l (i)
(portrayed in Fig. 5), and identiﬁed the genes which vary the most
across the direction of the gradient, as described in Section 2.3. For
example, the gene highlighted in the zoomed portion of the grid
(Fig. 5) is gad1, which seems to rapidly activate during the transition from fermentation to respiration. This is in line with previous
ﬁndings reported in the literature [22,23].
Then, we performed a selection of relevant genes by using the
framework described in Section 2.3, and reported the list of the
top 10 genes selected in Table 1. To prove that these genes are
indeed relevant from a biological point of view, we looked for
terms in the Gene Ontology [24] which are highly over-represented
among these 10 genes, with respect to all other terms pertaining the
remaining 300 genes. Statistically signiﬁcant (p < 0.05) terms are
reported in Table 2, and they are interestingly related to synthesis
of sugar and response to oxidative stress. The p-value is computed
employing a chi-squared test with Benjamini multiple hypothesis
correction (more details can be found in [25]).
This simple example permits to show the main features of the
proposed framework: (i) the 7 experiments are projected in the grid

1
With a slight abuse of terminology, by under expression we intend a gene whose
expression tend to decrease in class l compared to the expression of the same gene
in the other classes.
2
Following
http://www.mathworks.com/help/bioinfo/examples/geneexpression-proﬁle-analysis.html (accessed 19 May 2016).
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Fig. 4. Yeast dataset embedding. Each time point is placed in a location of the grid, highlighted in red (left part of the ﬁgure). There is a clear path connecting the dots:
since the most pronounced transition occurs between the 3rd and the 4th time points, in the right part we show the class embedding  l (i) of samples l = {4, 5, 6, 7}. (For
interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 5. Derivatives computed on the map  l (i), where l represents the class of “respiration” samples. On the right, a zoom of an area of the Counting Grid where the gradient
is high. The highlighted gene is the one which varies the most in the gradient direction.

Table 1
Top genes selected with the proposed approach.
Rank

Gene name

Description

1
2
3
4
5
6
7
8
9
10

gad1 (YMR250W)
hsp12 (YFL014W)
gsy1 (YFR015C)
ygp1 (YNL160W)
ctt1 (YGR088W)
sam4 (YPL273W)
gsy2 (YLR258W)
sol4 (YGR248W)
hsp30 (YCR021C)
pgm2 (YMR105C)

Glutamate decarboxylase
Heat shock protein
Glycogen synthase
Yeast glycoprotein
Cytosolic catalase T
S-adenosylmethionine metabolism
Glycogen synthase
6-Phosphogluconolactonase
Heat shock protein
Phosphoglucomutase

Table 2
Statistically signiﬁcant GO terms over-represented in the 10 selected genes’ set.
GO

Description

Genes

p-value

0005978

Glycogen
biosynth.
process
Response to
oxidative stress
Response to
stress

gsy1,pgm2,gsy2

0.0225

hsp12,ctt1,gad1

0.0235

hsp30,ygp1,hsp12,ctt1,gad1

0.0247

0006979
0006950

in a meaningful way, with a clear path which indicates the temporal
evolution of the gene expressions; (ii) by looking at the gradient of
the class embeddings we can highlight genes which are responsible
of the transition of the gene expressions from “fermentation” to
“respiration”, this being qualitatively conﬁrmed by the GO analysis.
4. Experimental evaluation
The merits of the proposed framework has been extensively
tested to solve a wide range of tasks, from both a quantitative
and a qualitative perspective. In the following, we ﬁrst show that
the model is able to properly embed the samples on separated
parts of the grid, where different areas reﬂect different sample
class/conditions – this shows that the framework well captures the
differences in gene expressions related to different classes; then, we
extract the most relevant genes with the approach of Section 2.3,
validating them from a medical point of view; ﬁnally, we report
classiﬁcation accuracies obtained by using descriptors extracted
from the model, reaching the state-of-the-art performances.
4.1. Embedding and clustering performances
To test the model on a clustering setting, we performed several
experiments on three datasets widely employed in the literature.
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Table 3
Summary of the datasets used. The columns Z, T, and L represents the total number
of genes, total number of samples, and number of classes present in the dataset.
Dataset name

Z

Prostate1 cancer
Lung cancer
Brain tumor

9984
12,600
7129

T

L

Reference

53
203
90

6
5
5

[26]
[27]
[28]

The ﬁrst one is the prostate cancer dataset by [26], containing
the expression of 9984 genes in 53 different samples: 14 samples
labeled for benign prostatic hyperplasia (BPH), three normal adjacent prostate (NAP), one normal adjacent tumor (NAT), 14 localized
prostate cancer (PCA), one prostatitis (PRO), and 20 metastatic
tumors (MET). The second is a lung cancer dataset [27], consisting
of 203 gene expression proﬁles from normal and tumor samples,
with the tumors labeled as squamous, COID, small cell, and adenocarcinoma (5 classes in total). Finally, the brain tumor dataset
[28] contains the expression levels of 7129 genes measured in 90
different patients classiﬁed in 5 classes (normal, primitive neuroectodermal tumor – PNET, atypical teratoid/rhabdoid tumors – Rhab,
and malignant gliomas). A quick summary of the datasets used can
be found in Table 3.
As done in many microarray studies (e.g. [11]), we ﬁrst reduced
the dimensions of the original data sets by retaining the top 500
genes ranked by variance. Then, following the original recipe of
[15], a single CG is learned using all samples (but ignoring their
labels). Data samples are embedded into the CG space: we show
some embeddings on a 15×15 grid (using a 3×3 window) in Fig. 6,
to have an immediate insight into the datasets. To evaluate how
well samples cluster on the grid, we resort to the external criterion
of purity [29]. In few words, we leave out one sample and estimate
 l (k) on the remaining data by employing Eq. (3). Then, we assign
a label to the test sample by computing
ytest = argmaxl


k

qtest
· l (k)
k

(7)

Table 4
Complexities used in the Experiment 4.1 (Fig. 5).
Dimensionality

W

Counting Grid sizes considered

5

[2 2 2 2 2]

[3 3 3 3 3], [4 4 4 4 4], [5 5 5 5 5]
[6 6 6 6 6], [7 7 7 7 7], [8 8 8 8 8]

4

[2 2 2 2]

[3 3 3 3], [4 4 4 4], [5 5 5 5], [6 6 6 6]
[7 7 7 7], [8 8 8 8], [9 9 9 9]
[10 10 10 10], [12 12 12 12]

3

[3 3 3]

[4 4 4], [5 5 5], [6 6 6], [7 7 7], [8 8 8]
[10 10 10], [12 12 12], [15 15 15]
[20 20 20], [25 25 25], [30 30 30]

2

[5 5]

[7 7], [9 9], [10 10], [12 12], [15 15]
[20 20], [25 25], [30 30], [40 40], [50 50]
[60 60], [70 70], [80 80], [90 90]
[100 100], [120 120]

1

[5]

[7], [10], [12], [15], [20], [25], [35]
[45], [60], [80], [100], [140], [180], [220]
[260], [300], [340]

The accuracy obtained with this nearest neighbor strategy is our
purity score. We considered grids of dimensionality from 1 to 5,
testing systematically up to 40 complexities per dimensionality (a
more detailed list of parameters settings can be found in Table 4).
Results, shown in Fig. 7, conﬁrms the capabilities of the proposed framework to embed the different classes of each dataset in
different regions of the grid; moreover, except for the Brain tumor
dataset, it seems that the grid size and the choice of the capacity
do not affect much clustering abilities (with only 1-dimensional
counting grids being slightly worse). Interestingly, performances
do not drop even for very large complexities, suggesting that the
model is robust with respect to overﬁtting.
4.2. Qualitative evaluation of highlighted genes
With the approach proposed in Section 2.3, we extracted the 10
most relevant genes that are involved in a particular tumor class

Fig. 6. Counting Grid embeddings for the three studied datasets.
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Table 5
Top genes selected with the proposed approach on the Prostate1 dataset (stability
index: 0.89).
Rank

Gene name

Description

1
2
3
4
5
6
7
8
9
10

CTGF
EGR1
AMACR
ATF3
LUM
MMP7
SPRY4
FOSB
FGG
DCT

Connective tissue growth factor
Early growth response 1
Alpha-methylacyl-CoA racemase
Activating transcription factor 3
Lumican
Matrix metalloproteinase 7
Sprouty (Drosophila) homolog 4
FBJ murine osteosarcoma viral oncogene homolog B
Fibrinogen, gamma polypeptide
Dopachrome tautomerase

Table 6
Top genes selected with the proposed approach on the Lung dataset (stability index:
0.91).
Rank

Gene name

Description

1
2
3
4
5
6
7
8
9
10

GAPDH
MAPK3
IL13RA2
NCAM1
TIE1
CYP2C19
SLC20A1
YWHAE
ERF
CXCR5

Glyceraldehyde-3-phosphate dehydrogenase
Mitogen-activated protein kinase 3
Interleukin 13 receptor
Neural cell adhesion molecule 1
Tyrosine kinase
Cytochrome P450
Solute carrier family 20
Tyrosine 3-monooxygenase
Ets2 repressor factor
Chemokine (C-X-C motif) receptor 5

values in the range [−1, 1], and the higher its value, the larger the
number of commonly selected genes during different training of
the algorithm. More in detail, given two sets of genes f1 and f2 , the
stability index is deﬁned as follows:
KI(f1 , f2 ) =

r − (s2 /N)
s − (s2 /N)

(8)

where s denotes the signature size, r = |f1 ∩ f2 | and N is the total
number of genes in the dataset.
For every dataset, such stability index was never below 0.8, as
reported in Tables 5–7, conﬁrming a preliminary investigation carried out in [18]. In the tables, we report the most frequently selected
genes while varying the model complexity: on these genes we carried out a detailed investigation in order to assess their potential
signiﬁcance for cancer biology.
Prostate1 Cancer dataset: The top gene highlighted by the algorithm for prostate cancer is CTGF. This gene belongs to the CNN
protein family which is involved in functions such as cell adhesion, proliferation, differentiation and apoptosis [31]. CNN family
proteins have been identiﬁed as diagnostic and therapeutic agents
for cancer [31]. Expression of CCN family proteins is altered in

Table 7
Top genes selected with the proposed approach on the Brain dataset (stability index:
0.81).
Fig. 7. Purity results.

(metastasis for the prostate dataset, adenocarcinoma for the lung,
and medulloblastoma for the brain). Ideally, the genes selected by
our framework should not vary too much when varying the model
capacity – thus conﬁrming results shown in Section 4.1 – Fig. 7.
To investigate this aspect we run the gene selection several times
using CG of different complexities, and validate the “stability” of
the selected through the index proposed by [30]: this index takes

Rank

Gene name

Description

1
2
3
4
5
6
7
8
9
10

MAPK3
CXCR5
TIE1
CYP2C19
DUSP1
HINT1
MAPK11
RABGGTA
EIF2AK2
IL13RA2

Mitogen-activated protein kinase 3
Chemokine (C-X-C motif) receptor 5
Tyrosine kinase
Cytochrome P450
Dual speciﬁcity phosphatase 1
Histidine triad nucleotide binding protein 1
Mitogen-activated protein kinase 11
Rab geranyltransferase
Eukaryotic translat. initiation factor 2-alpha kinase 2
Interleukin 13 receptor, alpha 2
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various cancers, including breast, colorectal, gallbladder, gastric,
ovarian, pancreatic, and prostate cancers, gliomas, hepatocellular carcinoma, non-small cell lung and squamous cell carcinoma,
lymphoblastic leukemia, melanoma, and cartilaginous tumors [32].
CTGF speciﬁcally has been shown to be involved in the invasiveness of cancer cells [32]. Moreover, experimental inhibition of CTGF
showed that it is critical for tumor growth in pancreatic tumors [33].
It has been shown to correlate with patient survival in gliomas [34]
and lung cancer [35]. Experimental inhibition of CTGF showed that
it is critical for tumor growth in pancreatic tumors [33]. The existing literature thus indicates that this protein plays an important
role in a variety of cancers and conﬁrms that the top gene selected
by the model is highly relevant. Similarly, it has been reported [36]
that tumor angiogenesis and tumor growth are critically dependent on the activity of EGR1, the second gene selected. Gene ATF3
codes for a transcription factor, that affects cell death and cell cycle
progression. There is some evidence [37] that this gene can suppress ras-mediated tumor genesis. Lumican levels in breast cancer
are associated with disease progression and have been used to predict survival ([38] reported that low levels of lumican are related
to tumor size), while FOSB has been found to drive ovarian cancer
[39], and can be used as a prognostic indicator for epithelial ovarian
cancer [40]. Finally, MMP7 is involved in cancer metastasis and has
been proposed to be used as a target for drug intervention in cancer
[41].
A similar analysis has been reported in [11] – where a topic
model speciﬁcally designed for microarray data analysis is proposed. When analyzing the list of the 10 most relevant genes
contained in such paper, only the CTGF and EGR1 are relevant
from a medical point of view, being moreover ranked in lower
position (in our case they have been ranked in the top positions). This suggests once more that CG may represent a powerful
method to unravel the complexity contained in gene expression
datasets.
Lung Cancer dataset: Also in the case of the Lung Cancer dataset,
many of the most relevant genes extracted by the proposed
framework show a medical relevance. For example, GAPDH expression was found to be strongly elevated in human lung cancer
cells [42]; it is also correlated with breast cancer cell proliferation and aggressiveness [43]. IL13RA was found to be one of
the genes that mediate the metastasis of breast cancer to lung
[44]. NCAM has been researched as a target for immunotherapy
for cancer as it is expressed in small cell lung cancer, neuroblastoma, rhabdomyosarkoma, brain tumors, multiple myelomas
and acute myeloid leukemia. TIE1 is involved in angiogenesis,
the creation of new blood vessels, which as in important process also in tumor progression [45]. The experimental deletion
of these gene from mice inhibits tumor angiogenesis and growth
[45]. Finally, YWHAE is correlated with survival in breast cancer:
it was found to be enriched in metastatic tumor cell pseudopods [46], and is involved in the pathology of small cell lung
cancer.
Brain Tumor dataset: The promising results obtained with
Prostate and Colon datasets are conﬁrmed by looking at the list
of genes extracted for the Brain Tumor dataset. Actually, MAPK3
belongs to a family of proteins that regulate cell proliferation,
differentiation and cell cycle progression. It was shown to be a
prognostic biomarker in gastric cancer and implicated in the progression of hepatocellular carcinoma [47]. CXCR5 is a protein in
CXC chemokine receptor family, which plays a role in the spread of
cancer, including metastases [48]. TIE1 was implicated as a prognostic marker for gastric cancer [49] and showed over-expression in
breast cancer. DUSP1 is a promoter for tumor angiogenesis, invasion and metastasis in non-small-cell lung cancer [50] and plays
a prognostic role in breast cancer [51]. Finally, HINT1 is a tumor
suppressor gene [52].

Table 8
Summary of the datasets used for the classiﬁcation task. The columns Z, T, and
L represents the total number of genes, total number of samples, and number of classes present in the dataset. The datasets are publicly available on
the Kent Ridge Biomedical repository: http://datam.i2r.a-star.edu.sg/datasets/krbd/
(accessed: March 2016).
Dataset name
Prostate2 cancer
Lung cancer
Brain tumor
Colon Cancer
DLBCL
Leukemia
Breast tumor

Z
10,509
12,600
7129
2000
6285
7129
24,481

T

L

Reference

102
203
90
62
77
72
97

2
5
5
2
2
2
2

[53]
[27]
[28]
[54]
[55]
[56]
[57]

4.3. Quantitative evaluation of highlighted genes
We assessed numerically the performances of the gene selection
approach presented in Section 2.3 by performing a classiﬁcation
experiment, where we classify samples using only the genes
selected with the proposed approach. In order to perform an extensive investigation of the CG classiﬁcation power, we enlarged the
evaluation by considering seven benchmark datasets found in the
literature, where other gene selection approaches have already
been tested; the datasets are summarized in Table 8.
We compared our results with state-of-the-art methodologies
for gene selection. We adopted the testing protocol of [58]: the data
set was randomly split 2:3/1:3 (training/testing). Please note that
the CG is learned on the whole dataset, without any pre-ﬁltering
of the genes’: in this way, we also prove that the CG can efﬁciently deal with gene expression data without the need of such
pre-processing.
More in detail, we employed the whole dataset to train a CG (of
course labels are ignored in this phase), from which we computed
the Fz score for each gene: after that, only the top-ranked genes have
been extracted: in particular, we retain the top [10 50 100 200]
genes. Then classiﬁcation is performed using a linear Support Version Machine (SVM) with the parameter C = 1, using the area under
the ROC curve (AUC) as an estimate for the classiﬁcation performance. The test has been repeated 100 times, and the mean
of the computed AUCs is shown in Tables 9 and 10, along with
Table 9
Classiﬁcation results (AUC) for the datasets used. Underlined values indicate statistically signiﬁcant improvements.
Gene sel. method

Gene signature size
10

50

100

150

200

Prostate2 dataset
SVM-RFE [58]
ReliefF [58]
Mrmr [59]
Zero-norm [60]

89.8
93.3
93.6
52.4

91.3
93.0
95.3
93.0

92.1
91.4
94.8
92.8

92.1
91.4
94.9
94.6

92.2
91.7
95.2
95.0

Our method

78.2

88.3

92.5

95.0

95.7

Lung dataset
SVM-RFE [58]
ReliefF [58]
Mrmr [59]
Zero-norm [60]

82.2
91.0
92.8
82.4

88.6
95.3
93.9
91.1

95.3
96.4
97.6
94.2

97.3
97.0
98.0
97.3

97.9
97.4
98.2
97.5

Our method

81.5

96.0

98.6

98.5

98.7

Brain dataset
SVM-RFE [58]
ReliefF [58]
Mrmr [59]
Zero-norm [60]

86.2
77.6
86.1
83.3

92.6
87.8
90.5
83.0

93.0
89.0
91.3
85.8

93.4
90.1
91.7
94.0

94.0
90.6
91.9
94.7

Our method

88.3

93.7

93.1

94.0

95.1
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Table 10
Classiﬁcation results (AUC) for the datasets used. Underlined values indicate statistically signiﬁcant improvements.
Method

Colon dataset

DLBCL dataset

Gene signature size

Gene signature size

10

50

100

150

200

10

50

100

150

200

SVM-RFE [58]
ReliefF [58]
Mrmr [59]
Zero-norm [60]

76.4
78.8
85.1
78.9

77.5
80.1
86.5
80.2

79.2
78.5
87.0
79.1

79.4
77.5
87.4
77.3

80.1
76.1
86.6
76.1

58.2
93.3
95.9
84.4

93.8
95.9
96.0
87.5

98.4
96.6
96.1
98.4

98.8
96.1
96.9
98.8

98.4
96.3
97.3
98.4

Our method

81.4

89.5

89.6

89.3

89.0

92.9

97.2

98.5

99.0

99.0

Method

Leukemia dataset

Breast tumor dataset

Gene signature size

Gene signature size

10

50

100

150

200

10

50

100

150

200

SVM-RFE [58]
ReliefF [58]
Mrmr [59]
Zero-norm [60]

45.4
98.3
98.8
54.2

81.5
99.5
99.5
81.9

91.6
99.6
99.7
91.4

95.5
99.8
99.7
96.8

98.5
99.3
99.0
98.8

57.7
70.1
71.7
45.1

52.0
69.3
66.0
49.2

50.3
67.9
69.0
49.5

49.1
71.3
68.1
51.2

54.4
71.7
68.8
51.0

Our method

69.2

99.6

99.7

99.6

99.7

62.1

71.5

71.7

69.9

73.0

comparative state-of-the-art results (see the references between
brackets). As for the Counting Grid size, we varied its dimensions
by selecting  between 5 and 40, reporting in the table the mean of
the obtained AUCs.
Given the 100 repetitions, we also performed a paired t-test, to
assess if the difference between the CG and the best performing
state-of-the-art method is statistically signiﬁcant (with a conﬁdence level ˛ = 0.05). We addressed such t-test in a paired setting
because each of the 100 repetitions represent a different partition
of the data, and the comparison should be carried out on the same
partition. In the tables, such signiﬁcant results have been underlined.
From the tables, it is evident that the proposed approach
produces results comparable, and in many cases superior, with
state-of-the-art techniques. Furthermore, when looking at the stability, we can observe that our approach is very competitive:
the obtained indices are shown in Table 11. Since the proposed
approach is aimed at explaining the data through a generative
model, and labels are used later on, the stability index is very high:
for every dataset, and all different signature sizes, it is always above
0.85.

4.4. Classiﬁcation results
As a last experiment, we employed the Counting Grid in a
classiﬁcation setting. We followed the standard hybrid generativediscriminative recipe [61]: the idea is to characterize every sample
with a feature vector obtained from the learned CG, so that samples are projected in a highly informative space where standard
discriminative classiﬁers such as the SVM can be used.
In our experiments, we employed two strategies, both based on
the deﬁnition of a kernel to be used with a SVM classiﬁer. In the
former case [62], the kernel is deﬁned on the basis of a geometric
reasoning on the grid of the learned CG: in few words, the idea is
to spread the posterior qtk evaluated on a single grid-point around
its neighborhood. In this fashion, when two samples are compared,
an implicit cross-count evaluation is introduced by avoiding a fully
grid alignment constraint. The second kernel employed is the Fisher
Kernel [63], whose derivation in the CG case has been proposed in
[19]. In the original formulation, the authors ﬁrst deﬁne the Fisher
score for a gene FS tk,z

FS tk,z = gzt ·

 qt
i
i∈W t
k

Table 11
Stability of the proposed approach.
Dataset

Gene selection method

10

50

100

150

200

Prostate2

Best (SVM-RFE [58])
Our method

0.68
0.90

0.65
0.94

0.68
0.96

0.69
0.96

0.69
0.96

Lung

Best (Zero-norm [60])
Our method

0.94
0.95

0.92
0.95

0.92
0.95

0.93
0.98

0.93
0.99

Brain

Best (SVM-RFE [58])
Our method

0.93
0.94

0.96
0.98

0.97
0.98

0.97
0.99

0.97
0.99

Colon

Best (Mrmr [59])
Our method

0.78
0.94

0.75
0.92

0.70
0.92

0.69
0.91

0.67
0.91

DLBCL

Best (Mrmr [59])
Our method

0.25
0.89

0.40
0.92

0.46
0.94

0.49
0.94

0.51
0.94

Leukemia

Best (Mrmr [59])
Our method

0.39
0.87

0.50
0.87

0.55
0.90

0.56
0.89

0.57
0.88

Breast

Best (Relieff [58])
Our method

0.31
0.91

0.37
0.92

0.37
0.93

0.37
0.92

0.38
0.93

Gene signature size

hi,z

(9)

and the concatenation of the FS, computed for all genes z, comprises
the Fisher score for a sample. Then, the standard linear kernel is
computed between these Fisher score vectors.
These two classiﬁcation strategies have been applied on the
seven datasets. Accuracies have been computed using the dataset
author’s protocol: Leave-One-Out for the Prostate and Colon
datasets, 5-fold cross-validation for the Lung dataset, 4-fold crossvalidation for the Brain dataset, 10-fold cross-validation for the
DLBCL, Breast and Leukemia datasets.
The best result obtained by varying the complexity of the grid
is reported in Table 12. Moreover, in order to have a clear insight
of the gain obtained by explicitly consider the relation between
topics, as done in the CG case, we applied the same hybrid classiﬁcation strategies to the classic probabilistic Latent Semantic Analysis
(PLSA, [10]); ﬁnally, we compare our results to those obtained with
the approach proposed in [11] – we took the results from [10], and
with non topic-based approaches. In ﬁve datasets out of seven, the
CG model (equipped with the Fisher kernel) was able to outperform
other topic-based approaches, as well as approaches that do not
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Table 12
Classiﬁcation results.

Geom PLSA
Geom CG
Fisher PLSA
Fisher CG
LPD
Non topic-based approach

Prostate2

Lung

Brain

Colon

DLBCL

Leukemia

Breast

0.826
0.773
0.921
0.940
0.951
0.982 [64]

0.911
0.918
0.938
0.959
0.942
0.938 [65]

0.858
0.869
0.862
0.900
0.890
0.865 [66]

0.939
0.939
0.917
0.951
0.807
0.935 [67]

0.961
0.961
0.845
0.974
0.932
0.960 [68]

0.972
0.983
0.972
0.986
0.961
0.975 [69]

0.617
0.639
0.634
0.660
0.526
0.667 [68]

derive from the topic models literature (see the references between
brackets in the table).3
5. Conclusions
This paper proposed an approach based on the Counting Grid
model for the analysis of gene expression samples. We have shown
with different experiments that the proposed framework can be
successfully exploited to (i) meaningfully visualize the samples; (ii)
detect medically relevant genes, and (iii) properly classify samples,
thus representing a valid alternative to classical gene expression
analysis strategies. The proposed approach also ﬁnds a very promising application in analyzing expression data produced by rna-Seq:
using this technology, gene expression is estimated from the number of reads mapped on each gene, and represents a proper count
value. We are planning to develop a study on RNA-seq datasets as
a future work.
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