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Abstract. This report aims to present the research and work I
conducted at Graphic Era University during my summer internship. The
subject of my internship was to study and compare existing algorithms
for Feature Subset Selection and to apply them to a problem in
bioinformatics. Unfortunately, the organization of my internship did not
allow me to conduct the application properly. This is why, the results
presented at the end of this report, should be considered as an example
of application, but not as a proof of eﬃciency of the Feature Subset
Selection technics detailed in this report.

Acknowledgements. I would like to thank Dr Bhasker Pant for guiding me during this
internship. I would also like to thank Dr. Durgaprasad Gangodkar, the Dean of
International Aﬀairs at Graphic Era University and all the faculty members of GEU and
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Introduction
In the ﬁrst section of this report, I will present the context of this study. Then, I will
present in section 2, my studies on how Principal Component Analysis (PCA), and
algorithms based on Rough Set theory, during preprocessing, can improve the
performances of classiﬁcation algorithms. Then, in section 3, I will present the results of
the application of PCA and algorithms based on Rough Set theory, on Protein Interaction
Prediction.
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I. Context
When a dataset has too many attributes (over a thousand), the quality of the results of
classiﬁcation algorithms on this dataset can be aﬀected. A way to prevent this, is to
perform a Feature Subset Selection (FSS). By keeping only the attributes that contribute
the most to the class to predict, one can improve the results of the classiﬁcation.
A ﬁeld of study of Dr Bhasker Pant, the professor who guided me during this
internship, is bioinformatics and is called Protein Interaction Prediction. It consists of
predicting whether two given proteins have a probability of interacting with each other.
Some universities, like UCLA or the University of Singapore, have given access to their
databases to searchers and data scientists. However, in these databases, each protein is
described by over 1000 attributes like its mass, length, spinning properties, etc. Using a
classiﬁcation algorithm with as many attributes would not give good results and would
require a lot of processing time and memory. The objective of my internship was to study
diﬀerent technics of Feature Subset Selection to build a model for Protein Interaction
Prediction. Unfortunately, I did not have the time to conduct the application properly, so
this report will mainly focus on the comparison of two technics.

II. Methodology
To improve the performances of classiﬁcation algorithms on data described by many
attributes (such as proteins), I have studied what are the beneﬁts of using PCA and
Rough Set theory to select the most relevant attributes, before performing the
classiﬁcation.
To compare the results of PCA and Rough Set theory, the same dataset will be
used. It was extracted from the RSES software DATA folder. It is composed of 13
attributes and 1 binary decision class, and contains 270 instances.

1. PCA
General procedure. Principal Component Analysis can be used to reduce the number of
variables in a dataset. To generate the components, it uses an orthogonal transformation.
The ﬁrst component has the largest possible variance. We then use the computation of
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eigenvalues to determine how much information is explained by each component and rule
out unwanted attributes.
To illustrate the importance of PCA during preprocessing, I ﬁrst performed a
classiﬁcation on the raw dataset. I then proceeded to a PCA to rule out the attributes
which may pollute the classiﬁcation. Finally, I performed a second classiﬁcation using the
exact same process (same choice of training/testing split, same classiﬁcation algorithm).
The comparison of time, accuracy, F-Measure and ROC-area allowed me to conclude on
whether a PCA during preprocessing can improve the performances of a classiﬁcation
algorithm.
Three softwares were used to perform these measures : RSES to discretize the
dataset, Tanagra to perform the PCA and Weka to perform the classiﬁcation.
Experiment and results.
The dataset used for the experiment is named ‘Heart’. It has 13 attributes and 1 binary
decision class, and contains 270 instances.
The original dataset (as extracted from RSES data folder) can be found at the following
url : https://drive.google.com/ﬁle/d/0B4Y4vCvFO0Wic19wZy00YVU4YTg
Table 1. Extract of dataset used for experiment
ID

1

2

3

O:1

700

10

40

O:2

670

0

30

O:3

570

10

20

O:4

640

10

40

O:5

740

0

20

O:6

650

10

40

4

5

130
0
115
0
124
0
128
0
120
0
120
0

322
0
564
0
261
0
263
0
269
0
177
0

6

7

0

20

0

20

0

0

0

0

0

20

0

0

8

109
0
160
0
141
0
105
0
121
0
140
0

9

10

11

12

13

d

0

24

20

30

30

2

0

16

20

0

70

1

0

3

10

0

70

2

10

2

20

10

70

1

10

2

10

10

30

1

0

4

10

0

70

1

I used this dataset and applied a classiﬁcation algorithm on it with Weka without making
any change to the dataset. I then performed a PCA to rule out attributes which could
aﬀect the results of the classiﬁcation. Finally, I applied the same classiﬁcation algorithm
but without the attributes ruled out with the PCA.
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The classiﬁcation algorithm I chose is named ‘Logistic’. It is useful for building and using
a multinomial logistic regression model. The ridge estimator used with this classiﬁer is the
default one : 1.0E-8. To train and test, I chose to use a cross-validation with 10 folds
because the dataset had only 270 instances.

Evaluation. A classiﬁer is best evaluated by applying it to a set of unseen
observations (i.e. a test set). k-fold : If few observations are available, which
is commonly the case, cross validation may get the most out of the data in
terms of performance estimation. k-fold cross validation refers to dividing
the examples into k equally sized subsets and using one subset for testing
and the rest for training.

source : http://www.trhvidsten.com/docs/ROSETTATutorial.pdf
Another way of evaluating a model is to divide the set into two : one subset
for training and one subset for testing. It is useful when a large amount of
data is available.

1. Scree Plot to determine which axis explain the information
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Here, we can notice that the eigenvalues drop really quickly until component 2. After this
component, their is much less information explained by each axis (3-12). Thus, we decide
to keep only the attributes explained by component 1 and 2 as they seem to explain the
information the most.
2. Factor Loadings table adds precision to which attributes explain the most information

To add precision to the decision made with the scree plot, we can use the factor loadings
report. It helps us see how much information is explained by each axis. Here, we can see
that the two ﬁrst axis explain most of the information. We can also note that attributes 5
and 6 have very little inﬂuence on the targeted attribute as they do not explain any
information on axis 1 to 5.
I ran the same classiﬁcation algorithm after removing attributes 5 and 6, as they seemed
to explain less information and they did not inﬂuence components 1 and 2. The table
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below presents the comparison of the result of the classiﬁcation algorithm used before and
after the PCA.
Table 2. Comparison of classiﬁcation results before and after PCA
Before PCA

After PCA

0.05 seconds

0.03 seconds

Correctly Classiﬁed Instances

78.5185%

79.6296%

Incorrectly Classiﬁed Instances

21.4815%

20.3704%

F-Measure (Weighted Avg.)

0.785

0.797

ROC Area (Weighted Avg.)

0.842

0.848

Time taken to build model

The time taken to build the model is slightly lower after the PCA because two columns
have been remove : 5 and 6. We can notice an increase in the proportion of correctly
classiﬁed instances, as well as the F-Measure and the ROC Area.
Performances. A number of statistics exist for measuring the performance
of a classiﬁer on a test set.
Accuracy is simply the fraction of test observations classiﬁed to the correct
class (error rate = 1-accuracy). However, accuracy may provide insuﬃcient
information when the classes contain diﬀerent numbers of examples or when
making one type of error is more severe than making another.
To distinguish the diﬀerent error types, one can use a confusion matrix :

source : http://www.trhvidsten.com/docs/ROSETTATutorial.pdf
The TP, TN, FP and FN allow us to calculate the F-Measure, using
precision and recall :
Polytech Nantes - Graphic Era University
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precision = TP / TP + FP recall = TP / TP + FN
F-Measure = 2 x (precision x recall) / (precision + recall)
The ROC (Receiver Operating Characteristic) curve provides a vehicle for
controlling the number of false positives and false negatives. The accuracy of
the test depends on how well the test separates the group being tested into
those with and without the disease in question. Accuracy is measured by the
area under the ROC curve. An area of 1 represents a perfect test; an area of
.5 represents a worthless test.

source : http://gim.unmc.edu/dxtests/roc3.htm

2. Rough Set theory
Another approach to Feature Subset Selection is by using Rough Set theory. I will ﬁrst
explain how it works and then present the results of its use on the same dataset as I used
for the PCA approach.
The theory. Pawlak’s rough set theory and Boolean reasoning constitute a mathematical
framework for inducing rules from examples. (3) (4)
Approximating datasets. Let us consider the decision table below. Say we want to
draw a subset which gathers P1, P2 and P5. If we only consider attributes Gene1, Gene2,
Polytech Nantes - Graphic Era University
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Gene3 and Smoking, it is impossible to distinguish P5 from P11, P12 and P17. Do try to
approximate the desired subset, we deﬁne Upper Set = {P1,P2,P5,P11,P12,P17} and
Lower Set = {P1, P2}.

source : http://www.trhvidsten.com/docs/ROSETTATutorial.pdf (1)

source : http://www.trhvidsten.com/docs/ROSETTATutorial.pdf
We can summarize the dataset with the following table :
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source : http://www.trhvidsten.com/docs/ROSETTATutorial.pdf
Reducts. A Boolean function (i.e. a function that evaluates to true or false), called the
discernibility function, is constructed for each object. This function is true for all attribute
combinations that discern this object from objects with a diﬀerent decision and will
constitute a set called reducts.
A reduct is a minimal set of attributes discerning one object from all objects with a
diﬀerent decision. Finding all the reducts is a NP-complete problem. However, there is a
number of approximation algorithms, including greedy algorithms (Johnson 1974) and
genetic algorithms (Vinterbo and Øhrn 2000), that may be used to search for reducts. (2)
For our example, the reducts are the following :

source : http://www.trhvidsten.com/docs/ROSETTATutorial.pdf
Indeed, Gene1, Gene3 and Smoking are the 3 attributes that are diﬀerent between E1 and
E3 and imply a diﬀerent decision. The reducts between E1 and E2 is empty because the
decision is Lung for the 2 sets.
Experiment and results.
The dataset used for the experiment is the same as for the PCA approach and is named
‘Heart’. It has 13 attributes and 1 binary decision class, and contains 270 instances.
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The original dataset (as extracted from RSES data folder) can be found at the following
url : https://drive.google.com/ﬁle/d/0B4Y4vCvFO0Wic19wZy00YVU4YTg
The ﬁrst step was to ﬁnd the reducts, which I did by using RSES software. Indeed, RSES
may be used to select the most relevant attributes in a dataset and to remove the
unwanted attributes which pollute the classiﬁcation algorithms. In this section, we will
present the results and consequences of Feature Subset Selection (FSS) using RSES.
The most relevant reduct I found for this dataset was { attr0, attr2, attr3, attr4, attr6,
attr7, attr9, attr11, attr12 }. Which means that attributes { attr1, attr5, attr8, attr10 }
were ruled out from the dataset.
Table 3. Comparison of classiﬁcation results before and after Rough Set
Before Rough Set

After Rough Set

0.05 seconds

0.03 seconds

Correctly Classiﬁed Instances

78.5185%

78.8889%

Incorrectly Classiﬁed Instances

21.4815%

21.1111%

F-Measure (Weighted Avg.)

0.785

0.789

ROC Area (Weighted Avg.)

0.842

0.842

Time taken to build model

Same as for the PCA, we can note that the time taken to build the model is slightly lower
after ﬁnding the reducts with Rough Set because four columns have been remove : 1, 5
and 8 and 10. We can notice a small increase of the proportion of correctly classiﬁed
instances, a slight increase of the F-Measure and no increase of the ROC Area.

3. Comparison of PCA and Rough Set theory
Now that I have detailed the process of my experiments and brieﬂy described how PCA
and Rough Set theory work, I will present a table of comparison of the two technics.
Table 3. Comparison of classiﬁcation results on raw data, after PCA and after Rough Set
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On raw data

Time taken to build model

0.05 sec

After PCA

After Rough Set

0.03 sec

0.03 sec

Correctly Classiﬁed Instances

78.5185%

79.6296%

78.8889%

Incorrectly Classiﬁed Instances

21.4815%

20.3704%

21.1111%

F-Measure (Weighted Avg.)

0.785

0.797

0.789

ROC Area (Weighted Avg.)

0.842

0.848

0.842

Both models were faster to build after PCA or Rough Set because the number of
attributes is inferior to the original dataset. However, the PCA did better at selecting the
most relevant attributes.
Discussion. It is important to note that this ‘Heart’ dataset contains only 13 attributes
and 270 instances, which is very diﬀerent from the protein databases that I used for the
application (see section 3). To really demonstrate the eﬃciency of these two diﬀerent
approaches and to be able to compare them, it would have been necessary to perform
these measures on more than just one dataset, with more attributes, diﬀerent attribute
types etc.

III. Application on Protein Interaction Prediction
Introduction. « Protein–protein interaction prediction is a ﬁeld combining bioinformatics
and structural biology in an attempt to identify and catalog physical interactions between
pairs or groups of proteins. »
– Wikipedia
Problem to solve : Can protein A interact with protein B?
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source : http://www.hhmi.org/research/computational-studies-structure-and-functionbiological-macromolecules
It is possible to experimentally determine whether two proteins can interact or not in a
laboratory. However, the cost of such experiments is slowing down the process and the
number of combination is very important. This is why it is interesting to develop models
to try to predict the protein-protein interaction programmatically. (5) (6)
What makes our application diﬀerent from the existing ones in this ﬁeld, is that we used
two diﬀerent datasets : one with proteins known from laboratory experiments, to be
capable of interacting with each other (targeted class value = ‘INTERACT’). And another
dataset of proteins that we know cannot interact with each other (targeted class value =
‘NOINTERACT’). The class that we want to predict is “A interacts with B”.
Servers and datasets
I had to use 4 diﬀerent sources of data to build the dataset to train the model to predict
the interaction of the proteins :
1. Database of Interacting Proteins (DIP) http://dip.doe-mbi.ucla.edu
The ﬁrst dataset we will use is collected and kept up to date by University UCLA and is
called Database of Interacting Proteins (DIP). It gathers several millions records of pairs
of proteins which can interact together (targeted class value = ‘INTERACT’).
2. The Negatome database http://mips.helmholtz-muenchen.de/proj/ppi/negatome/
The Negatome database provides the opposite information from DIP. It is database of
thousands of pairs of protein-protein which are unlikely to interact with each other
(targeted class value = ‘NOINTERACT’). Using DIP and Negatome, we will be able to
build a training dataset with two outputs : one class for proteins which can interact with
each other and one for proteins which cannot.
3. Universal Protein Resource (Uniprot) http://www.uniprot.org/
From the identiﬁcation numbers given by DIP and Negatome, it is possible to retrieve the
FASTA of the protein with Uniprot database. FASTA is a string of letters representing the
diﬀerent amino acid composing the protein. (7) (8)
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4. Protein Feature Server (Profeat) http://jing.cz3.nus.edu.sg/cgi-bin/prof/prof.cgi
Profeat is a web application developed by the National University of Singapore. From a
FASTA sequence, it allows to compute physicochemical properties of proteins and
peptides. They will be the attributes of our dataset. (9)
Building the Model
We need to build the training dataset to construct the model, which will then be used to
predict whether two proteins can interact or not. I had to use DIP, Negatome, Uniprot
and Profeat databases to build this dataset :

1 – DIP
(INTERACT)
3 – UniProt
(FASTA string)

4 – Profeat
(physicochemical
attributes)

2 – Negatome
(NOINTERACT)

Figure 1. Process to collect information to build training set
From this process, I was able to put together a dataset containing 172 pairs of proteins
which can or cannot interact with each other, and their physiochemical properties.
Table 4. Extract of the dataset created used to build the model
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At this stage, I have 172 instances. Each object is a pair of protein (protA and protB)
described by 420 attributes and its binary decision class : ‘INTERACT’ or
‘NOINTERACT’.
On this dataset, I applied a classiﬁcation algorithm with Weka called DecisionTable. I
applied this algorithm :
-on the raw dataset;
-on the dataset after running a PCA; and
-on the dataset after selecting reducts with the Rough Set theory.
In the table below are the results of the 3 classiﬁcations.
Table 5. Comparison of classiﬁcations of protein interaction
on raw data, after PCA and after Rough Set

Time taken to build model

On raw data

After PCA

126.9 sec

0.08 sec

After Rough Set

0.02 sec

Correctly Classiﬁed Instances

71.345%

74.5098%

84.3137%

Incorrectly Classiﬁed Instances

28.655%

25.4902%

15.6863%

F-Measure (Weighted Avg.)

0.713

0.743

0.841

ROC Area (Weighted Avg.)

0.769

0.749

0.856

The Feature Subset Selection using PCA or Rough Set theory allowed to drastically divide
the time necessary to build the model by more than 1000. It also improved the
classiﬁcation results : the proportion of correctly classiﬁed instances went from 71.3% to
74.5% using the PCA and from 71.3% to 84.3% using Rough Set theory. Unlike in section
2, Rough Set produced a better subset than the PCA. This can be due to the number of
attributes which is higher than in the ‘Heart’ dataset, and also to the data type.
Discussion. These results are not suﬃcient to prove the eﬃciency of PCA or Rough Set
theory during preprocessing. More measures, with more instances should be done, using
diﬀerent classiﬁers.
Also, one more important question should be raised : can the two sources of protein pairs
be used together to build the model? Indeed, the pairs of non-interacting proteins (labeled
‘NOINTERACT’ in the dataset) and the pairs of interacting proteins (labeled
Polytech Nantes - Graphic Era University
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‘INTERACT’), do not come from the same databases. The ﬁrst set of pairs comes from
the Negatome database and the second from the DIP database. Let us imagine that the
ﬁrst set was build with proteins coming from the brain and the second with proteins
coming from the lungs. If we take the physiochemical attribute ‘F.1.1.1’ (which we use for
the classiﬁcation), it may always be higher for the ﬁrst set of proteins than the second
one, just because of the function of these proteins. So the classiﬁer will use this attribute
to determine whether the two given proteins can interact or not, but what it will actually
predict is whether the proteins are brain or lung proteins. So more work should be done
with biologists to determine whether these two diﬀerent databases (Negatome and DIP)
are similar enough and were build using the same experimentation methodology, to use
them to build the model.

Conclusion
This internship made me realize how interesting bioinformatics is. Using machine learning
technics in biology is something that can help medicine a lot. I am even considering
working in this ﬁeld later on. It is unfortunate that the organization of my internship with
Dr Bhasker Pant did not allow me to produce results of a better quality. Overall, PCA
and Rough Set theory are two diﬀerent approaches to Feature Subset Section, which can
be very useful in bioinformatics or any domain dealing with datasets which contain many
attributes. However, the study presented in this report is not enough to say if the two
approaches can really apply in protein interaction prediction or to say which of the two
technics is more eﬃcient.
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