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A B S T R A C T

Molecular subtype classification represents a challenging field in lung cancer diagnosis. Although different
methods have been proposed for biomarker selection, efficient discrimination between adenocarcinoma and
squamous cell carcinoma in clinical practice presents several difficulties, especially when the latter is poorly
differentiated. This is an area of growing importance, since certain treatments and other medical decisions are
based on molecular and histological features. An urgent need exists for a system and a set of biomarkers that
provide an accurate diagnosis. In this paper, a novel Case Based Reasoning framework with gradient boosting
based feature selection is proposed and applied to the task of squamous cell carcinoma and adenocarcinoma
discrimination, aiming to provide accurate diagnosis with a reduced set of genes. The proposed method was
trained and evaluated on two independent datasets to validate its generalization capability. Furthermore, it
achieved accuracy rates greater than those of traditional microarray analysis techniques, incorporating the ad-
vantages inherent to the Case Based Reasoning methodology (e.g. learning over time, adaptability, interpretability
of solutions, etc.).
1. Introduction

Lung cancer is the leading cause of cancer deaths worldwide [1]. It
involves a very complex and heterogeneous group of pathologies that we
are only beginning to understand, with non-small cell lung cancer
(NSCLC) being the most prevalent type [2,3] as it represents close to 90%
of all lung cancers [4]. The ability to distinguish between lung adeno-
carcinoma (LUAD) and lung squamous cell carcinoma (LUSC) is critical
for diagnosis and treatment [5]. However, the specific biomarkers which
should be used in clinical practice remain unclear [6], since different
candidate genes have been proposed whose classification potential varies
depending on their combination with others. Moreover, there are also
several methodological differences in biomarker research [5] and usually
few samples from patients are available. Advances in understanding
molecular processes occurring in lung cancer help researchers in devel-
oping new treatment strategies and accelerate diagnosis. Unfortunately,
early detection is not often possible, and approximately 40% of patients
diagnosed are stage IV [7]. This is one of the many reasons to increase our
knowledge about molecular processes in lung cancer and to improve
biomarker detection.
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Case-based reasoning (CBR) has been used in medical research due to
its learning capability and self-adaptability to solve diagnosis problems
by recalling information obtained from previous experiences [8]. More-
over, CBR also has other qualities that make it an appropriate approach
for this diagnosis problem, such as its ease of application [8] or flexibility
in retrieving previous experiences [9].

In this paper, a novel CBR system with a gradient boosting based
feature selection is proposed and applied to the task of squamous cell
carcinoma and adenocarcinoma discrimination, aiming to provide pre-
cise diagnosis of lung cancer subtypes. As opposed to previous gene
expression-based CBR systems, our proposal uses a sophisticated feature
selection procedure based on Gradient Boosted Regression Trees which
has never been employed before in the context of CBR. This feature se-
lection method, combined with basic preliminary filtering, enables our
system to identify a small set of genes and achieve a high predictive
accuracy.

Therefore, our proposal aims to use this group of biomarkers with
high classification potential for discriminating the mentioned molecular
subtypes of NSCLC. It is a major goal to achieve a classification approach
capable of learning and adapting to new data in an automatic manner,
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since few data samples are usually available, also considering that the
database will grow through time. This approach aims to support a rapid
and accurate classification. Regarding this, some CBR characteristics are
critical for the present case study, like the capability of allowing cor-
rections performed by different diagnosis methods (revise and retain
stages) and achieving high accuracy results with a reduced dataset, also
increasing this accuracy as new data samples become available. More-
over, there is a natural variability in gene expression and methodological
differences between datasets. When classifying new data, accuracy and
thus diagnosis support capability could be negatively affected. Never-
theless, the CBR system faces this problem and it is shown that this model
is particularly applicable to transcriptomic domain, since it would reduce
the error rate with the incorporation of new cases.

Other advantages of this feature selection model include its resistance
to noise and non-informative features and its ease of parallelization (i.e.
this method can be easily implemented to take advantage of the multi-
processing capabilities of the majority of modern computing hardware).
Given that this selection method does not mix or combine gene expres-
sion values from different genes, the selected genes can be interpreted
from a biological point of view and contrasted with previous biomarkers
identified in the literature.

The rest of this article is structured as follows: section 2 summarizes
the relevant works present in the available literature; the proposed
framework is described in detail in section 3; section 4 includes the
experimental results obtained by the proposed system and a comparison
with other methods. Finally, in section 5, we discuss the experimental
results and outline some promising future lines of research.

2. Related work

Case Based Reasoning (CBR) is a problem solving approach that goes
beyond general knowledge and makes use of specific solutions obtained
in past experiences. CBR solves new problems by searching and reusing
similar cases from the past. Thus, this approach applies incremental
learning, by retaining each new case in the case-base for future problems.
Such characteristics constitute the main difference between CBR and
other artificial intelligence methodologies, making it an increasingly
used approach in the scientific domain [10].

These systems have been applied to solve different diagnostic prob-
lems in the medical domain [8,11]. However, there are few CBR ap-
proaches in microarray data classification, which do not tend to focus on
specific problems and are only tested on simple data sets [12]. In this
area, classification is decisive for diagnosis and treatment but the high
dimensionality and data noise affect the performance of several algo-
rithms [12].

In microarray datasets, reliable knowledge extraction is still chal-
lenging due to the small number of training samples available in data-
bases [12]. Such datasets present a great number of attributes, much
higher than the number of training samples [13], making it necessary to
reduce the number of attributes in the cases stored in the case base [14].
Thus, feature selection has received more attention in recent years as a
way of improving CBR based classifiers [13]. In this regard, Arshadi and
Jurisica [14] included feature selection techniques in a CBR system as a
way of managing high dimensional data and tested it over a lung cancer
dataset, showing an increase in accuracy from 60% to 70% when
comparing it with a similar system without a selection stage. Motivated
by this and other approaches, such as that of Huang et al. [15], Anaisse
et al. [13] successfully combined feature selection methods with feature
weighting, improving the retrieval process of a CBR-system and obtain-
ing high accuracies in cancer classification.

Fuzzy logic has been also applied to CBR. Fdez Riverola et al. [16]
proposed a method involving fuzzy representation for gene expression
levels of each case, based on the discretization of expression data into a
small number of fuzzy membership functions. Their method was shown
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to be able to generalize all the samples, diminishing the number of genes
needed for classification. Redundancy reduction has received great
attention in previous approaches [17,18], and several works from sta-
tistics and machine learning have focused on reducing dimensions in the
field of microarray data. Consequently, such methods have been divided
in four categories: filters, wrappers, embedded and ensemble [19]. Since
CBR allows for the combination of various methods, it is common to
integrate it with feature selection and different techniques in order to
improve classification tasks. In this regard, Gonzalez et al. [20] devel-
oped a freely available software tool that allows for the use of combined
techniques in gene selection, clustering, knowledge extraction, and pre-
diction in aiding cancer diagnosis.

The search for biomarkers constitutes a very active field, since it
contributes to improving diagnosis and providing knowledge about
molecular processes in cancer. Several works focus on studying the dif-
ferences between adenocarcinoma and squamous cell carcinoma of the
lung, and a most authors employ inmunohistochemical techniques for
validation, existing few bioinformatic approaches for this problem.

Genes such us DSC3, KRT5, KRT6, for LUSC and TTF-1 and Napsin-A
for LUAD, among others, have been reported by different authors
[5,21–23] as high potential biomarkers. However, in most recent pro-
posals, new markers such as MLPH, TMC5, SFTA3 [5], or ST6GALNAC1
and SPATS2 [23] are proposed from time to time for NSCLC discrimi-
nation. Recently, Takamochi et al. [23] presented the first Cap Analysis
of Gene Expression (CAGE) to survey primary tumors for this specific
problem, also focusing on clustering analysis and validating the extracted
knowledge in a different dataset. They achieved high accuracy by means
of immunohistochemical techniques, but the validation test was small,
and required a better evaluation stage.

Finally, we find that several biomarkers have been proposed and new
advances have made it possible to broaden knowledge about cellular
processes occurring in lung cancer. However, there are still two main
problems which need to be addressed: (1) the difficulty in applying new
knowledge in clinical practice since datasets for validation are usually
not large enough and (2) the wide range of methodologies that are
difficult to automate, which also makes it difficult to design protocols and
choose specific methods and biomarkers for an efficient diagnosis. The
next section will describe the proposed framework.

3. Proposed framework

The proposed CBR framework and the feature selection procedures
adopted for this study are presented in this section. The proposed system
applies two successive feature selection stages during the training pro-
cess. Most genes uncorrelated with the desired system output are dis-
carded during the first feature selection stage. A second and more
sophisticated feature selection stage allows the system to attain high
accuracy rates while considering only a small set of gene expression
levels. Once the most informative genes have been identified (i.e. the
case representation has been determined) the case-base of the CBR sys-
tem is built with the selected genes of all the available micro-array
samples. A simple, distance-based approach is then taken during the
retrieve stage. The reuse stage is performed by means of a weighted
variant of the k-Nearest Neighbours (kNN) algorithm, which grants a
solid probabilistically-interpretable output. The system is able to learn
from revised cases, using the revision-retaining procedure. The four CBR
stages are formally described in sections 3.3 and 3.4. Experimental re-
sults that validate the learning capabilities of the designed system are
presented in section 4. In addition, the effectiveness of the proposed
framework is compared to other classic microarray feature selection and
classification techniques. Fig. 1 presents a high-level overview of the
proposed framework. The information flows during training and test
stages are depicted separately. As shown in the figure, the number of
genes in the training microarray dataset is first reduced by the



Fig. 1. Overview of the proposed CBR system.
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preliminary feature selection procedure described in section 3.1. Next, a
Gradient Boosting-based feature selection procedure is applied (as
described in section 3.2). The training phase ends with the building of the
Case-Base, which only stores selected genes' expression levels for the
available cases. Both the preliminary and the Gradient Boosting feature
selection modules store the names of the selected genes. In this manner,
when a new case is presented to the CBR system, the two feature selection
modules provide the information needed to discard uninformative genes
before the actual retrieval stage begins. The following subsections
describe the building blocks of the framework.
3.1. Preliminary feature selection

This section describes the statistical prefiltering stage. In order to
provide the CBR system with basic criteria as the basis for the classifier,
the goal of this stage is to reduce dimensionality and select a set of
relevant genes that are good candidates to be used as biomarkers. Those
genes whose expression levels variation are not statistically related to the
difference between subtypes must be discarded. Thus, the non-
parametric Mann-Whitney test is used, stating a null hypothesis sup-
porting the premise that samples come from the same population
whereas the alternative hypothesis supports that samples come from
different populations. Once the test is applied, those genes with a
resulting p-value <0.05 are selected. At this point, we have a subset of
significant genes. Nevertheless, for a more restrictive selection we need
genes that are not just related to the difference between subtypes, but
those that also present important variations in their expression levels.
Thus, the expression level variance for each gene with a p-value <0.05 in
Mann-Whitney test is computed for this purpose. To reduce the number
of genes, the middle point from the range of variance values of all genes is
used as a threshold. Consequently, the resulting genes with a higher
variance than the defined cutoff value are selected. After these two
filtering stages (Mann-Whitney and variance cutoff), a small subset of
high variance significance genes (p-value <0.05) is obtained. It could be
noted that, once the Mann-Whitney test is applied, we use the variance,
rather than the p-value order, as the following filter criterion. Consid-
ering that a low number of genes is required, it is important that these
genes present a great expression (and probably phenotypic) change,
whose repercussion in the molecular processes is more easily differen-
tiable. The complete process of preliminary feature selection is formal-
ized in 1.
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3.2. Feature selection with gradient boosting

This section provides a detailed description of the second feature
selection stage that the proposed CBR system applies. This second feature
selection stage is based on a well-known method called Gradient Boosted
Regression Trees (GBRT) [24]. In spite of its name, the GBRT algorithm is
often used for classification rather than regression. However, in the
context of the proposed CBR framework, GBRT is used solely as a feature
selection method. Although the number of genes under consideration is
greatly reduced after the first selection stage, an additional refinement of
the selected features (i.e. the case representation in the CBR system)
enables higher accuracy rates. Furthermore, reducing the number of
genes that need to be considered for case analysis can drastically increase
the applicability of the proposed system.

The key idea of GBRT consists of building a predictive model as an
ensemble of simple models. The output of the ensemble is computed as
the weighted sum of M weak models. Formally, the output of GBRT for a
test sample x is computed as:

FðxÞ ¼
XM
m¼1

γmhmðxÞ (1)



Fig. 2. Example of a simple tree with depth two. Sample distribution and MSE measure
are shown at each node.
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where hi(x) is the output of the i-th weak learning model and γi is a
constant known as the step length, which controls the contribution of the
i-th model to the overall output. As opposed to other ensemble methods,
these base models are not all trained to produce the same desired output.
Instead, the models are build sequentially, refining the output of the
previous stage:

FmðxÞ ¼ Fm�1ðxÞ þ γmhmðxÞ (2)

Therefore, at each learning stage the current weak model hm(⋅) and
the stage length γm are trained to approximate the difference between the
output of the previous stage and the desired overall output (i.e. the re-
siduals). Of course, in the case of GBRT, the base models consist of
regression trees. For more details on the training process of GBRT see
Refs. [24,25].

When used for feature selection, the GBRT model is built as usual.
After the M basic models have been built, they are analyzed in order to
determine the relative importance of each input feature. This process
depends on the specific split criterion used when the trees were built. The
Mean-Squared Error, one of the simplest split criteria, was used in this
case. The Mean Squared Error (MSE) of a node t in a regression tree is
defined as a function of the desired output for each of the training
samples in that node:

MSEðtÞ ¼ 1
n

Xn

i¼1

ðyi � yÞ2 (3)

where {y1,y2,⋯yn} are the desired outputs for the n samples at node t and
y is their average value. In the case of the first base model of the
ensemble, these desired outputs are the class labels for each sample (i.e.
either zero or one). As mentioned before, the successive regression trees
are trained to the residuals at each stage.

If a given node t defines a good split criterion, the MSE of its children
will be lower than their father. It is possible to measure the effectiveness
of the split in a node as the obtained decrease in the MSE, formally:

MSEdecreaseðtÞ ¼ samplesðtÞ⋅MSEðtÞ
� samplesðleftChildðtÞÞ⋅MSEðleftChildðtÞÞ
� samplesðrightChildðtÞÞ⋅MSEðrightChildðtÞÞ (4)

Note that the MSE of each child node is weighted by the number of
samples in that node. Once a measure for the quality of a given split has
been defined, it becomes possible to obtain an estimate of the importance
of each feature (i.e. each gene) in a single decision tree. To this end, we
use a formula based on the work by Friedman [24], but modified to work
with the above defined MSE-based measure. Formally, the importance of
feature j according to the regression tree hm is:

IjðhmÞ ¼ 1
n

X
t

MSEdecreaseðtÞ⋅1ðvt ¼ jÞ (5)

where the summation is over the non-terminal nodes of tree hm, vt is the
splitting variable evaluated at node t, and n is the number of samples at
the root node of hm. Consider for example the fist tree h0 build during one
of our experiments (see Fig. 2). According to this tree, only two features
have an importance greater than zero, namely the expression levels of
genes CLCA2 and AKR1B10. Applying eq. (5) the respective importance
of each feature is Iðh0ÞCLCA2 ¼ 0:1659 and Iðh0ÞAKR1B10 ¼ 0:0198
respectively.

To determine the importance of each feature according to the com-
plete ensemble of trees obtained by boosting {h1,h2,⋯,hM}, the impor-
tances are averaged over the individual models:
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Ij ¼ 1
M

XM
m¼1

IjðhmÞ (6)

The feature importance estimates are then normalized so they add up
to exactly one, and arranged in a vector I

!
with a length equal to the

number of original features. We shall use this vector of feature impor-
tances to refine the case representation described in the previous section.
At this point, two different feature selection approaches can be taken:

� Retain all the features with non-zero importance. In this case, the
refined representation x0 of a sample x with features ½xj�dj¼1 is
computed as follows:

x0 ¼ �
I
!

jxj
�
I
!

j≠0
(7)

Note that the features are not only selected, but weighted according to
their importance.

� Retain only the k most important features. In this case, the number
of genes used by the system can be set manually, thus increasing its
applicability in real-world scenarios. Formally, the refined representation
x0 of a sample x is computed as follows:

x0 ¼ �
I
!

jxj
�
I
!

j�th
(8)

where th is an adaptive threshold equal to the k-th greatest value in I
!
.

However, manually reducing the number of genes that the system must
consider may reduce the accuracy of the framework. This trade-of be-
tween gene number and accuracy is empirically studied in the experi-
mental results section.

The resulting accuracies obtained by using these two approaches are
compared in section 4. In addition, a biological interpretation of the
selected genes is provided. Note that this is possible because the feature
selection methods applied do not merge the expression levels of different
genes to produce the final representation (i.e. each feature of the final
representation corresponds to the expression level of a single gene). The
feature selection procedure explained in this section is summarized in
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algorithm 2.
3.3. Retrieve and reuse

Once the feature selection procedures have been completed, the case-
base is built. Formally, the case-base consists of a set of n pairs CB ¼
{(x1,y1),⋯,(xn,yn)} where xi is the case-representation of a sample and yi
its corresponding solution. When the system is dealing with binary
classification problems (e.g. cancer subtype discrimination), each solu-
tion yi is a class label with a value of either zero or one.

As mentioned before, a simple distance-based approach is adopted to
perform the task of case retrieval. When a new, unlabeled sample is
presented to the system, it is fist pre-processed by the feature selection
modules to obtain a case representation x. After that, the k-nearest
neighbors of x in CB are determined.

Although usually only a small number of initial cases is present in the
case-base, this step will scale poorly as new cases become available.
Specifically, finding the k-nearest neighbors of x in CB requires a time of
O ðndkÞ, where d is the number of features a case consists of, and n is the
number of cases stored in CB. A variety of techniques has been proposed
in the literature to overcome this limitation. In the proposed framework,
a space partitioning method known as KD-tree [26] is used to guarantee a
sub-linear query time as the number of cases stored in CB increases.

The reuse stage begins after the neighbors have been found. Here, the
distances from the k-nearest neighbors to the unlabeled sample are used
to compute what is called the un-normalized weight vector [27]:

w!¼
�

1����x� xj
����
2

; j ¼ 1; 2;⋯; k
�

(9)

where jjx�xjjj2 is the Euclidean distance between the unlabeled case x
and its j-th nearest neighbor.1 Then, the probability of x belonging to the
class with label l is computed as follows:

Pðy ¼ l j x;CBÞ ¼
Pk

i¼1 w
!

j⋅1
�
yj ¼ l

�
Pk

i¼1 w
!

j

(10)

Note that, conveniently:
1 In the special case where jjx�xijj2 ¼ 0, the following steps are skipped and the cor-
responding class of xj is directly predicted for the unlabeled sample x.

102
X
l

Pðy ¼ l j x;CBÞ ¼ 1 (11)

where the summation is over the set of all possible class labels. At the end
of the reuse stage, the label of the unclassified sample x is predicted to be
the one with the highest probability:

y ¼ arg max
l

Pðy ¼ l j x;CBÞ (12)

3.4. Revise and retain

The revision and retain stages are in charge of enabling the learning
process of the CBR system. When an unlabeled case is presented to the
CBR system, the sample goes through the two consecutive feature se-
lection stages (which were previously trained before the case-base was
built) and the retrieve and reuse stages emit a prediction concerning its
class label.

In some cases, a revision stage can be performed. Here, alternative
diagnosis methods are applied to determine whether the original pre-
diction of the CBR system was correct or not. The diagnosis information
required during the revision stage is obtained by means of different
medical tests which may depend on the case, but usually include a
combination of imaging and molecular techniques. Regarding image-
based techniques, computed tomography, magnetic resonance, and
bronchoscopy are commonly used [28,29]. A biopsy, a sputum cytology
and also a series of molecular marker studies are required in order to
better characterize the tumor and presence of specific proteins and
growth factors [28].

Once the revision stage has been completed for a given case, it its
stored into the case-base along with its revised solution. The accuracy of
the CBR system is expected to grow as new revised cases become avail-
able in the case-base. Experimental results concerning the ability of the
proposed CBR framework to learn are reported in section 4.

4. Case study

In this section, we evaluate the effectiveness of the proposed CBR
system in the task of diagnosing non-small cell lung cancer subtype.
We also evaluate the effectiveness of the proposed system with and
without the two feature selection stages described in sections 3.1 and
3.2.

4.1. Non-small cell lung cancer datasets

As described in the ”Introduction” section, the CBR system uses a set
of biomarkers as the basic criterion for classifying tissue samples. Thus,
the gene selection process is a critical stage for the good performance of
our approach. Two different datasets of lung adenocarcinoma (LUAD)
and squamous cell carcinoma (LUSC) level expression profiling by array
were used in our experiments. More specifically, the chip model is the
Affymetrix U133 Plus 2.0 whole-genome microarray. Both NSCLC tissue
sample datasets come from the public repository of The National Center
for Biotechnology Information (NCBI). One of the datasets also con-
tained a small amount of large cell carcinoma tissue samples, but they
were removed as we did not need them for our experimental purposes.
In order to properly evaluate the generalization capabilities of the
proposed CBR system and other alternative approaches, we used the
first dataset for training while the second one was employed solely
during the evaluation stage. The datasets are publicly available in
Ref. [30] (training) and [31] (evaluation). The training dataset contains
58 tissue samples, 40 from adenocarcinoma and 18 from squamous cell
carcinoma. The evaluation dataset contains 172 samples (after removing
the large cell carcinoma samples) of which 66 correspond to squamous
cell carcinoma samples.



Table 1
Experimental results for the proposed CBR system with various combinations of the feature selection methods. Results on the learning capabilities of the CBR system after a number of
revision stages have been executed are also reported.

Preliminary F.
Selection

Secondary F.
Selection

Classifier Initial case-base 40 cases retained

Acc. κ Prec/rec Acc. κ Prec/rec

Var & MW
(53 feat.)

– CBR (wkNN) 94.1% 0.875 89.3/95.1% 95.45% 0.900 87.7/100.0%

Var & MW
(53 feat.)

GBRT (non-zero)
24 features

CBR (wkNN) 97.0% 0.938 95.4/96.9% 97.7% 0.950 93.8/100.0%

Var & MW
(53 feat.)

GBRT (top-5)
5 features

CBR (wkNN) 96.5% 0.926 95.4/95.4% 97.7% 0.950 93.8/100.0%

–

(54,613 feat.)
– CBR (wkNN) 95.5% 0.901 93.9/93.9% 96.2% 0.919 97.9/92.1%

–

(54,613 feat.)
GBRT (non-zero)
20 features

CBR (wkNN) 91.2% 0.817 90.0/86.9% 92.4% 0.837 91.6/88.0%

–

(54,613 feat.)
GBRT (top-5)
5 features

CBR (wkNN) 90.6% 0.807 93.9/83.7% 90.9% 0.807 91.6/84.6%

Table 2
Experimental results on CBR classification with various gene selection methods from the literature. Results on the learning capabilities of the CBR system after a number of revision stages
have been executed are also reported.

Gene
Selection

Classifier Initial case-base 40 cases retained

Acc. κ Prec/rec Acc. κ Prec/rec

Boruta [32]
27 features

CBR (wkNN) 96.5% 0.925 92.4/98.3% 96.2% 0.917 93.7/95.7%

Spikeslab [33]
54 features

CBR (wkNN) 87.2% 0.711 66.6/100.0% 95.4% 0.902 95.8/92.0%

SDA [34]
24 features

CBR (wkNN) 96.5% 0.926 95.4/95.4% 93.9% 0.867 89.5/93.4%

Alpha-Investing [35]
24 features

CBR (wkNN) 88.95% 0.774 95.4/79.7% 93.1% 0.849 85.4/95.3%

RFE [36]
24 features

CBR (wkNN) 96.5% 0.925 93.9/96.8% 95.4% 0.900 91.6/95.6%

2 To ensure a fair comparison, the output dimension for the feature extraction algo-
rithms was set (when possible) to 24, which is the number of features selected by our
method.
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4.2. Experimental results

The first set of experiments was carried out to validate the effec-
tiveness of the proposed feature selection stages. In addition, the ability
of the proposed CBR framework to learn as new revised cases become
available was evaluated. To this end, the CBR system was trained on the
samples from the first dataset [30] and its classification accuracy was
evaluated on the second dataset [31]. In addition to the accuracy mea-
sure, the precision/recall and the Cohen's kappa [37] measures were
computed taking LUSC as the positive class. We decided to do so because
the LUSC class is infra-represented in the accuracy measure due to its
small appearance in both the training and test sets. This unbalance in
data is explained mainly by the lower occurrence of LUSC with respect to
LUAD in the global population.

Additionally, we simulated a revise and retain process by incorpo-
rating 40 samples from the second dataset and their corresponding class
labels to the case-base. Then, the classification accuracy of the system
was measured on the remaining evaluation samples. This protocol was
repeated for different combinations of the proposed methods (e.g.
enabling and disabling the preliminary feature selection). The results of
these experiments are reported in Table 1. As expected, the combination
of both preliminary (Var&MW) and GBRT-based feature selection stages
achieved the best accuracy. In addition, the experimental results suggest
that the system is able to attain very high accuracy rates even when it
considers only the top-5 most important genes (according to GBRT). This
increases the applicability of the proposed system to a great extent.

The second set of experiments was carried out to compare the effec-
tiveness of the proposed feature selection stages with some representa-
tive feature selection methods from the literature. To this extent, the
feature selection stages described in sections 3.1 and 3.2 were replaced
by alternative methods and the resulting CBR systems were evaluated as
in the first set of experiments. The results of those experiments are listed
in Table 2.
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A third set of experiments was performed to compare alternative
feature extraction and classification methods present in the literature of
microarray data analysis to our CBR framework. Various combinations of
feature extraction/selection algorithms and classifiers were evaluated.
The selected feature extraction methods were Principal Component
Analysis (PCA), Kernel Principal Component Analysis (KPCA), Indepen-
dent Component Analysis (ICA), Locally Linear Embedding (LLE) and
Random Forest-based feature selection; all of which have been used in
the literature regarding gene feature selection [38,39]. Concerning
classification, the evaluated methods are k-Nearest Neighbours (kNN),
Naive Bayes Classifier (NB) and Support Vector Machine (SVM) [40]. The
training and test sets were the same as in the first set of experiments, thus
making the accuracy results directly comparable. To correctly parame-
trize the different algorithms, a model selection process was executed by
using 10-fold Cross-Validation over the training set.2 Again, the precision
and recall measures are provided in addition to the accuracy measure.
Table 3 shows the results of those experiments. The results concerning
KPCA are not shown because no significant improvement with respect to
its linear counterpart (PCA) was registered.
4.3. Selected genes

Finally, we analyzed the gene selection performed by our CBR
framework and reviewed other works and biological evidences to verify
that the selection was coherent with other authors and gene roles. The
CBR system with both the preliminary and GBRT-based feature selection
stages assigned a non-zero importance to a total of 24 genes. Those
importance estimates, normalized as explained in sec 3.2, are shown in



Table 3
Experimental results on the effectiveness of alternative feature extraction and classification
methods applied in the literature.

F. Ext. Classifier Acc. κ Prec/rec

PCA
(k ¼ 24)

SVM(linear)
C ¼ 0.001

94.7% 0.887 89.3/96.7%

PCA
(k ¼ 24)

NaiveBayes 95.9% 0.913 92.4/96.8%

PCA
(k ¼ 24)

kNN (k ¼ 3) 95.3% 0.901 92.4/95.3%

FastICA
(k ¼ 24)

SVM(linear)
C ¼ 0.5

92.44% 0.835 81.8/98.1%

FastICA
(k ¼ 24)

NaiveBayes 95.3% 0.901 93.9/93.9%

FastICA
(k ¼ 24)

kNN (k ¼ 4) 92.4% 0.835 83.3/96.4%

LLE
(k ¼ 24)

SVM(linear)
C ¼ 0.001

94.7% 0.888 90.9/95.2%

LLE
(k ¼ 24)

NaiveBayes 91.2% 0.820 95.4/84.0%

LLE
(k ¼ 24)

kNN (k ¼ 3) 94.7% 0.890 96.9/90.1%

RF (300)
774 feats

SVM(linear)
C ¼ 0.001

94.7% 0.890 93.9/92.5%

RF (300)
765 feats

kNN (k ¼ 3) 94.7% 0.889 92.4/93.8%

Fig. 4. 24 genes with non-zero importances according to the ensemble of gradient boosted
trees. The genes are sorted in decreasing order according to their score in the first feature
selection stage.

Fig. 5. Parallel coordinates visualization of the top-5 most important genes (according to
our feature selection procedure) in test set. This set contains a total of 172 samples (66
LUSC, 106 LUAD).
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Fig. 4.
As explained in section 3.2, it is possible to manually set the

maximum number of genes to be considered by the CBR system. The
results presented in the previous subsection suggest that the number of
selected genes may be reduced to five without a dramatic loss in accu-
racy. Furthermore, the experimental results show that once a number of
revised cases becomes available, the system with the gene-number re-
striction performs as well as its non-restricted counterpart (which uses 19
more genes). The five genes used by the restricted system, along with
their expression level distribution for LUAD and LUSC test samples, are
shown in Fig. 3. In addition, Fig. 5 provides a visualization of expression
levels for selected genes in test set samples by means of parallel
coordinates.

Although genes like KRT5 and TRIM29 have been widely used as
biomarkers for LUAD and LUSC discrimination, PKP1 and AKR1B10 have
been used less frequently, and SFTA2 is proposed here as a great potential
biomarker, successfully employed for classification, providing highly
accurate results. Moreover, it is the combination of genes rather than an
individual biomarker that determines the resulting effectiveness of the
classification system.

The TRIM protein family play different roles in cellular processes that
are typically altered in cancer such as migration, proliferation, apoptosis
Fig. 3. Violin plots showing the distribution of the five genes with a higher importance according to our experiments. Distributions are computed separately for LUAD and LUSC samples.
Genes are sorted from left to right in decreasing importance order.
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and differentiation, among others [41]. TRIM29 has been reported to be
involved in different cancer types, affecting proliferation and tumor
progression [42]. It may play both an oncogenic or a tumor suppressor
role, depending on the cellular context [42]. Zhou et al. [43] has reported
a significantly different expression of TRIM29 between poorly differen-
tiated LUSC and LUAD, advocating the combination of this biomarker
with KRT5, also selected by our framework. This gene is highly expressed
in squamous cell carcinoma [21], as can also be observed in Fig. 3.

KRT5 plays an important role in NSCLC and it is one of the most used
and explored biomarkers for NSCLC subtype diagnosis. Keratins show a
heterogeneous pattern of expression level in NCLCs. Its sensitivity varies
in different studies, but always presenting high values [22] [5]. Conse-
quently, many authors have purposed this gene as a high specific
biomarker for LUSC detection.

SFTA2 is a gene that is highly expressed in the lung [44]. There are
very fewworks focusing on SFTA2 [44], but there is evidence that it plays
a role in LUAD. To the best of our knowledge, it has not been commonly
used as lung subtype marker, but in their study Zhan et al. [5] provide a
group of genes in which SFTA2 figures as a highly expressed gene in
LUAD. However, in the end they do not use it in the final biomarker
group they propose because the appropriate primary antibody of human
SFTA2 could not be obtained. However, the protein of the same family
SFTA3 has been used as a biomarker in some studies [5]. In this regard,
we should consider that genes encoding surfactant proteins are markers
for Alveolar type 2 lineage (AT2), which share many molecular charac-
teristics with adenocarcinoma cells [45]. In fact, Xu et al. [46] more
recently concluded that AT2 cells are the predominant cancer-initiating
cells of K-RasG12Dinduced lung adenocarcinoma. Nevertheless, AT2
cells are not always the initiating cells of LUAD [46], and it would be
interesting to further study the expression patterns of SFTA2 in LUAD.

AKR1B10 has been found to be overexpressed in NSCLC, but more
frequently in squamous cell carcinoma than in adenocarcinoma [47]. The
alteration of this gene has been commonly associated to tobacco-related
LUSC [48]. Although it is not found among the most powerful bio-
markers, its combination with the other genes in the proposed subset
results in a high potential for subtype discrimination.

There are few studies regarding the desmosomal plaque protein
PKP1, but there have been increasing efforts to study the role of junction
proteins recently and it is well known that they participate in cell pro-
liferation and metastasis [49]. In addition, [21] and [50] report a high
upregulation of this gene in LUSC, although its use has not been
extended.

5. Discussion and future work

This paper has proposed a novel CBR framework for microarray-
based lung cancer subtype classification. The proposed system relies on
two successive feature selection procedures to reduce the number of
genes the system must consider in order to evaluate and predict the class
of an unseen case. To the best of our knowledge, this is the first time a
feature selection method based on Gradient Boosted Regression Trees has
been integrated into the CBR methodology. The experimental results
presented in section 4 show that the proposed CBR framework out-
performs some of the most common embedding and classification
methods typically used for microarray data interpretation. Furthermore,
in the case-representation used by the proposed CBR framework, each
feature is computed based on a single gene expression level. Therefore,
our case representation is interpretable to a greater extent than the
output of other methods, which compute each output feature as a com-
bination (linear or non-linear) of all the input genes (e.g. PCA, K-PCA,
LLE). In addition, our comparison with alternative feature selection
methods shows that the proposed feature selection pipeline produces a
more suitable case-representation than alternative methods. In partic-
ular, the proposed GBRT-based feature selection method outperforms its
competitors by a large margin in our experiments after the retaining of a
number of unseen cases.
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Another strength of the proposed system is that, thanks to GBRT-
based feature selection, genes are not selected individually but accord-
ing to their combined relevance. In other words, even if a specific gene is
not highly informative on its own, it might enable high accuracy rates
when combined with a certain set of other genes. The GBRT-based
feature selection module is able to identify non-linear feature in-
teractions [24], thus selecting a set of genes that work well together. For
instance, looking at Fig. 5 we see that a significant overlapping between
classes exists in the expression levels of AKR1B10. However, its high
importance value (as estimated by GBRT) indicates that the trees in the
ensemble often found this feature as useful to differentiate between lung
cancer subtypes. This suggest that, although AKR1B10 might seem to be
individually little informative, it provides some complementary infor-
mation other genes do not contain. This is supported by the high classi-
fication accuracy achieved by our system when using only the top-5 most
important genes. It is also worth noticing that, if an efficient imple-
mentation of GBRT is used [51], the feature selection stage of our system
enjoys a linear computational complexity with respect to the number of
samples and features.

An interesting result was obtained when evaluating the accuracy of
the proposed CBR with the preliminary feature selection disabled. In this
case, the CBR working with all the available genes outperformed its
counterpart with GBRT-based feature selection. This supports the ne-
cessity of using a preliminary feature selection stage to provide GBRT
with a reduced list of genes. In our case, the preliminary feature selection
lowered the number of genes from 54,613 to 53, thus significantly
reducing the number of non-informative features the second feature se-
lection stage had to handle. The poor accuracies obtained when using
GBRT feature selection without the preliminary feature selection can be
explained by considering how the regression trees that form the GBRT
ensemble are built. At each node, a number of splits on a random set of
features are evaluated. When the number of input features is too large
(perhaps even larger that the number of nodes in the complete
ensemble), some features might not be evaluated even once, thus
reducing the significance of the importance measure (as defined in sec-
tion 3.2). As a consequence, the set of genes selected in such a manner is
not optimal, and the CBR using the expression level of those genes as a
case representation performs poorly.

In addition, the experimental results confirm the ability of the pro-
posed CBR system to learn as new revised cases are incorporated to the
case-base, with no need to re-train the feature extraction modules.
Furthermore, we have seen that when taking into consideration only the
top-5 most important genes according to the selection criterion described
in section 3.2, the system is able to achieve accuracy rates very close to
those obtained when considering all genes with non-zero importance.
This approach also aims to face the current uniformity problem in lung
cancer subtype diagnosis regarding biomarkers.

In this regard, the system trained over the first dataset achieved a high
accuracy rate when evaluated on an independent dataset coming from
different laboratories and researchers. This suggests that generalization
capabilities can be achieved with the only requirement being that
training and test data come from the same chip model.

SFTA2 importance shown in classification tasks will motivate further
exploration of NSCLC initiating cells expression patterns and their po-
tential utility for classification in our system. Moreover, pathways, rather
than individual genes, provide understanding of the processes taking
place in tumor cells. For this reason, the inclusion of a pathway analysis
stage in the proposed framework shall be explored in the future. In
addition, to increase the significance of our experimental results, we
intend to collect a larger database with gene expression data to further
validate the efficacy of the proposed method.
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