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Abstract:

The main criteria to evaluate different classifiers are accuracy of classification, time taken to build the classifier and classification

time as well as generalizability of the classifier. In this paper, we propose a novel ensemble classifier, named MetaRecall, which

exploits confusion matrix to automatically select its base classifiers to increase accuracy of ultimate classification. To do so,

a set of base classifiers as well as the training data set is fed to the algorithm as its input and the output of the algorithm is a

ensemble classifier which contains a subset of the given base classifiers. Each involved classifier in MetaRecall corresponds to a

class in the given dataset and its task is to classify instances of its corresponding class. To evaluate performance of MetaRecall,

we do extensive experiments on different well-known benchmark datasets. In addition, we compare MetaRecall with the most

commonly used previous ensemble classifiers. The results show that MetaRecall outperforms the previous classifiers in terms of

accuracy and execution time in many cases.
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1 Introduction

Classification is the process of assigning a specific instance
to predefined categories, based on the respective instance
properties. Classification currently is used as one of the most
important techniques in machine learning. The goal is to
find a model that identifies the fittest relationship between a
set of input records and the class label. Figure [ illustrates
general approach to build a classification model [34]. An al-
gorithm which implements classification is called a classifier

or supervised learner.

Classifiers are generally trying to achieve three objec-
tives; speed, accuracy and generalization. However, there
is no classification method which on all data sets is better
than all the other methods (No Free Lunch Theorem). So
each method works better on a number of datasets. Some
algorithms have more accuracy on some datasets and also

Training Set

Learning Algorithm

Induction

Learn Model

Deduction \

Test Set H Apply Model 4i Model

Figure 1: The general approach to build a Classification
model.
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take more time. Achieving higher accuracy usually takes
more time [B4], [T6]. Achieve higher accuracy has al-
ways been one of the most significant issues in classifica-
tion. The acknowledgment that the classical approach to find
the best individual classifier for a problem has some serious
drawbacks, motivates the idea of Multiple Classifier System
(MCS) that includes an ensemble of classifiers and a mech-
anism for parallel combination of outputs of the base classi-
fiers [2Y], [B].

The idea of building ensemble (meta) classifiers is to pro-
duce a predictive model by integrating multiple classifiers
[26], [B6&], [T0], [B]. Generally ensemble methods are used
for improving classification performance and accuracy [30].

In the rest of this section, we briefly review major classi-
fication techniques. The classifiers can be divided into two
categories: base classifier methods and classifier combina-
tion methods (ensemble methods or meta-classifiers). In the
following, we overview some major base classifiers.

In many applications, the relationship between attributes
and class variable is non-deterministic. In the other words,
the class label for the test records cannot be accurately pre-
dicted, even if attribute set is identical to the same training
samples. Bayes classifiers is used for modeling probabilis-
tic relationships between attribute sets and the class variable
(B4], [24], [22], [B7].

Artificial neural networks and support vector machines
are two samples of function based classifiers. Artificial neu-
ral networks are inspired by the human biological neural sys-
tem. Recently, ensemble techniques have also been success-
fully applied to deep neural networks to enhance robustness
[S]. An artificial neural network is composed of nodes and
direct communications. In support vector machines, the goal
is to find a hyper plane (decision boundary) that separate the
data [20], [B3], [29], [T9], [TR].

Another type of basic classifiers are lazy ones. In a lazy
classifier the modeling process of the training data delays to
the test data classification. One example of lazy classifiers
is k nearest neighbors classifier.

In lazy learning methods, classification model is built lo-
cally for each dataset and can solve various problems and
deal successfully with changes in the dataset. The disadvan-
tage of lazy classifiers is need of large storage space to store
all records of the training dataset. Lazy classifiers usually
have good performance on datasets with few attributes. [Z].

Rule-based classifiers process the training dataset and ex-
tract rules for building a classification model. This scheme is

a technique for classifying records by using the "if ...then

..." rule sets. Each classification rule is expressed as fol-
lows: left-hand side of rule is called antecedent or precon-
dition, and the right-hand side of the rule is called the rule
consequent [T7].

Another way to model relation between inputs and outputs
of a dataset is tree-based classification. Decision trees are
trees that classify samples by sorting them based on attribute
values. Each node in a decision tree represents a feature in
one sample that is supposed to be classified, and each branch
represents a value of a node. The samples can be classified
with starting from the root node and based on the attribute
values are sorted [B3].

Meta classifiers or ensemble classifiers aggregate predic-
tions of all involved classifiers and improve classification ac-
curacy in different applications [23], [8], [04], [B2], [T],
[B9] . These classifiers use ensemble or classifier combina-
tion methods. Ensemble methods consist of a set of base
classifiers in training data phase and classification done by
voting on the predictions constructed by each base classifier.
For example, boosting and bagging are ensemble classifiers
(3], [, (B8], [2], [20].

In this paper, we propose a novel ensemble classifier
based on extracting information from confusion matrix of
the base classifiers with better classification accuracy in
comparison of the most well-known ensemble classifiers.

The rest of paper is as follows: in section D, we review
the most related works to the proposed method. The pro-
posed method is elaborated in section B and it is evaluated
and compared with the most related works using well ac-
cepted benchmark datasets in section B. Finally, we con-

clude the study in section H.

2 Related work

The proposed method is an ensemble classifier. Therefore,
we review the most well-known and prosperous ensemble
classifiers. In addition, in our proposed method we order and
select base classifiers dynamically according to train data, so
the approaches which dynamically select or order their base
classifiers are of our interest [9].

Bootstrap aggregating (Bagging) is designed to improve
the accuracy and stability of classifiers. Bagging generates
k new training sets, from a given dataset D, each of size
less than size of D, by sampling from D uniformly and with
replacement. So some instances may appear more than one
time in a training set and some instances do not appear in

any training set. Then we train the k classifiers with the k
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generated training sets. Then any test instance is assigned to
a class that has the maximum number of votes [8]].

Another well known ensemble classifier is boosting.
Boosting repeatedly applies adaptive changes to distribution
of training instances and therefore base classifier focus on
instances that are hard to classify. Boosting method, assigns
weight to each instance and weight of each training instance
at the end of each boosting round may change adaptively.

In Boosting we deal with two problems; first, update
weights of the training samples at the end of each boost-
ing round and second mix predictions of each classifier at
the end of classification operation [[3]. Modern boosting
implementations, such as XGBoost, have further optimized
this process for scalability and performance [[7].

Random forest is another ensemble method that combines
the prediction of multiple decision tree classifiers. All the
trees in random forest are produced by an independent set
of random vectors produced from a fixed probability distri-
bution. Random forests are used in bagging in the case that
randomness injected into model building phase and select
instances randomly from the original training set, with re-
placement [B].

Rotation forest is another ensemble classifier based on
feature extraction. In this method, training data is created by
splitting the feature set into subsets and applying Principal
Component Analysis (PCA) to each subset. To maintain the
variable information in the data, it keeps all principal com-
ponents. Thus, to create the new features for a base classifier,
K axis rotations are accomplished [PK].

Dagging generates some disjoint folds of data and feeds
each fold of data to a copy of the base classifier. Majority
vote makes the final prediction because base classifiers put
their prediction into the vote ensemble classifier [B5].

The next ensemble method is stacked generalization. The
goal of the stacked generalization method is creating a
global method that uses a high-level model for combining
the prediction of lower-level models to achieve higher ac-
curacy. Stacked generalization minimizes the generalization
error rate of one or more generalizers. Stacked generaliza-
tion according to offered training set works by deducing the
generalizer(s) biases [BR].

In all the previous ensemble classifiers in the first step,
we should select some base classifiers to participate in the
ensemble classifiers without any prior knowlege about per-
formance compatiblity of them. Despite the previous work
our proposed method (MetaRecall) automatically select the

best base classifiers from a large set of classifiers without
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significant time overhead.

In [B1], the authors proposed a dynamic overproduce-and-
choose strategy to select base classifiers of an ensemble clas-
sifier. They combine optimization and dynamic selection in
a two-level selection phase to allow the selection of the most
confident subset of classifiers to label each test sample in-
dividually. The optimization level is intended to generate
a population of highly accurate candidate classifier ensem-
bles, while the dynamic selection level applies measures of
confidence to reveal the candidate ensemble with the highest
degree of confidence in the current decision.

In [6], the authors proposed a new dynamic fusion
method named Localized Generalization Error Model Fu-
sion Method (LFM) for multiple classifier systems. They
provide a generalization error bound for unseen samples lo-
cated within neighborhoods of testing samples. Base clas-
sifiers with lower generalization error bounds are assigned
higher weights. LFM estimates the local competence of base
classifiers not only using the information of training error but
also the sensitivity of classifier outputs.

In [IT], authors proposed a hierarchical and parallel
branch-and-bound ensemble selection algorithm. It realizes
layer-wise refinement of the selected ensemble solutions,
which enables the classification performance of the selected
ensembles to be improved in a layer-by-layer manner.

Despite this method, in our proposed method, after select-
ing base classifiers, we assign a classifier to each class and
prioritize them to have the most correct results. Therefore,
our proposed method differes from these methods in terms
of base classifier selection, ordering and base classifier us-

age.

3 MetaRecall algorithm

As we mentioned before, there is no classifier which out-
performs all the others in all situations and for all datasets.
Even for a fixed given dataset, different classifiers may pre-
dict different classes in the dataset with different accuracy.
The main idea of MetaRecall algorithm is to take advantages
of classifiers and avoid disadvantages of them for any given
dataset. To do so, to predict each class in the dataset a cor-
responding classifier is used (so the method is an ensemble
classifier).

Each class in the dataset has a corresponding classifier,
but a classifier may correspond to more than one classes.
Assignment of a classifier to a class is done based on its

recall. After choosing a classifier for each class, we de-
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fine precedence of the classifiers based on their accuracy and
then based on their precedence we sort them. The final en-
semble classifier involves selected classifiers sorted by their
precedence.

At the utilization time of the resulted ensemble classifier
(MetaRecall), each input is examined against the first in-
volved base classifier, if the output indicates that the given
input belongs to its corresponding class, the process termi-
nates and the resulted output is returned as the recognized
class for the input by MetaRecall. Otherwise (if the involved
classifier recognizes the input as a member of a class that is
not correspond to it), the next involved classifier examines
the input. If none of them recognize the input as their cor-
responding classes, a voting mechanism is employed for the
final decision.

Before elaborating the proposed method, we should re-
view the concepts of recall, precision and f-measure as we
use them to develop the model. To do so, we should con-
sider a confusion matrix of a classifier for a given problem.
Evaluation of the performance of a classification model is
based on the counts of testing instances correctly and incor-
rectly predicted by the model. The tabulated illustration of
these counts is called confusion matrix [34]. In a confusion
matrix, the predicted classes are displayed at the top of the
matrix, and the observed classes down the left side. Each
cell contains a number showing how many cases that were
actually of the given observed class were assigned by the
model to the given predicted class. For problems with two
classes, the confusion matrix is represented as a table (Table
m).

Table 1: A typical confusion matrix to a two class problem.

PREDICTED CLASS
ACTUAL Class= Positive | Class= Negative
CLASS
Class=Positive a b
Class=Negative c d

The Precision, Recall and F-measure Concepts for prob-

lem of Table [ is calculated using the following equations.

a
Precisi _
recision(p) R
Recall(r) =
ecall(r) pE
2rp 2a
F — F = —
measure(F) Tip Zaibie
a+d

ACCuraCy = m
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In problems with more than two classes, a class is consid-
ered as positive class and the other classes as the negative
class. We use the same concept in the proposed method to
compute precision, recall and f-measure of the classifiers.

As the above equations show, higher value of recall,
means fewer instances of the target class is classified as
an instance of the other classes. On the other side, higher
value of precision indicates that fewer instances of the other
classes classified as an instance of the target class. F-
measure is a combination of the precision and recall and that

is a harmonic mean of both of them.

3.1 MetaRecall construction

As we mentioned before, the general idea of the proposed
method (MetaRecall) is to assign a classifier to each class
of a given dataset. To construct the final ensemble classi-
fier, we should select some classifiers as the corresponding
classifiers of classes of the dataset. To do so, we select a col-
lection of classifiers as candidate set and refine it to reach the
final classifiers involved in the resulted ensemble classifier.

Figure 0 and Figure B show the general steps of the method.

’ DataSet ‘

l

Classification done on dataset by All available

classifiers and sorted descending based on accuracy

cecset

Remove outlier classifiers

{classifiers that not satisfy accuracy threshold)

rccset

Assign Classifier to class
(It is possible that assign some classifier to
more than one class and some to none)

]

[VRemove not used classifiers from rceset J

[

Assign a precedence to each involved

classifier and sort them decreasingly

|

MetaRecall
classifier

Figure 2: The general steps of MetaRecall construction al-
gorithm. In this step, we assign a classifier to each class of a
given dataset.
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Test instances

The MetaRecall classifier classify instances J

MetaRecall ‘ Base classifiers in MetaRecall
Classifier Classifier not recognized instance

recognized as a member of its

instance W corresponding class

4{ Employ a voting mechanism

Figure 3: The general steps of MetaRecall utilization. In
this setp MetaRecall base classifiers recognize the input as a

member of its corresponding class or employ a voting mech-
anism to classify instances.

classification

Return
result

The criterion for choosing a classifier to be in the initial
candidate set is its accuracy in classification of the given
dataset. To do so, we examine some available classifiers
against the dataset and sort the result descending based on

accuracy as an initial candidate set.

We refine the initial candidate set by removing outlier
classifiers based on their accuracy for the given dataset. By
an outlier, we mean a classifier which its accuracy is less
than a predefined 7 threshold from the most accurate classi-
fier in the initial candidate set. The reason to remove outlier
classifiers is that they dominate other classifiers and mislead
the final ensemble classifier (experiments confirm the same).
In subsection BEH, we seek for and show the optimal value of

T.

Formally, suppose that C1, Cy, Cs, . .., C), are p available
tuned distinct classifiers and the given data set, name it D,
has n classes c1,ca,cs, ..., cp (it is expected that p > n).
The initial classifier candidate set (CC'set), is built by se-
lecting classifiers sorted descending based on accuracy for

D as follows:

CC'set = Sorted-Descending-Based-On-Accuracy{C1,C2,Cs, . ..
Accuracy-On-D

O}

The refined candidate (RC'C'set) set is obtained by elimi-
nating outlier classifiers. So, the number of classifiers in the
refined candidate set is less than or equal to the number of
classes in the given data set.

RCCset = CCset — {outlier-classifiers} = {C1,C2,C5,...,Cpn}

The next step is to find a corresponding classifier for each
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class of the dataset from RC'C'set. As it has been mentioned
before, a classifier may correspond to more than one class of
the given dataset. A classifier in the refined candidate set
may be assigned to more than one class and on the other
side there may be some classifiers that are not assigned to
any class. The later classifiers will be removed. In the rest
of this section we describe the method in more detail.

If Picyyo s Pic,, Pocyyo o3 Pacyy ooy Prcys - - s P,
are the precisions of classifiers 1 to m (in refined candidate

set) for classes 1 to n, respectively,

Rlclv- cey Rlc"aR2617' .. ’R2Cn7 ey Rm017' cey Rmcn are
the recalls of classifiers 1 to m for classes 1 to n, respec-
tively, and Fi.,,..., Fic , Focyy. .., Foc,

s Fmeys -
classes 1 to n, respectively, then C; is the best classifier for
.y Rme}-

) Rmc} =
., Rk} (It means that the recall amount

, Fic,, are the F-measures of classifiers 1 to m for

class c, where R;. = max{R1., Rac, Rac, - -

If max{Ri., Rac, Rac, - - -
{Ric, Rac, - -
of k classifiers has the same maximum value and equal
and 2 < k < m), then the best classifier for class ¢ is C}
WhereFj, = max{Fic, Fac, Fc, ..., Fpc}.

If max{Fi., Foc,..., Fre} = {Fic, Foc, F3c,..., Fic}
(2 < I < k), then the classifier with the least runtime is
chosen. The processes repeats for all classes of the dataset.
Figure 4 illustrates the process and algorithm 0 shows the
pseudo code of the method. The classifiers that do not as-
signed to any class are removed from the refined candi-
date set, also if a classifier corresponds to more than one
class, it is repeated accordingly, and in this way the ini-
tial version of the final ensemble classifier is built. Sup-
pose that the final ensemble classifier is M etaClassifier =
{C},C5,Cs, ..., C.} (n is number of classes and the clas-
sifiers may not be distinct). The final step to construct the
ensemble classifier (MetaRecall) is to assign precedence to
each involved base classifier and sort them decreasingly. To
do so, we sort classifiers (if a classifier corresponds to more
than one class, the same number of instances of that clas-
sifier appears in MetaRecall) involved in the final ensem-
ble classifier based on their recall for their corresponding
classes. Therefore, the final ensemble classifier is a decreas-
ing sorted list of classifiers based on their recalls for the cor-
responded classes. Reason of sorting classifier based on the
recall values is avoiding error propagation.

Algorithms [ and D show detail of model construction in
the proposed method. In algorithm [, we create ccset which
contains p classifiers with the highest accuracy on data set

D. Then we initialize rccset which includes all ceset clas-
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Algorithm 1 Find corresponding classifiers

Dataset D
int m=Number of classifiers
int n=Number of classes in D
Set ccset={}
ccset=Descending sort classifiers by accuracy on D
Set rceset= ccset-(classifiers that do not satisfy accuracy
difference threshold)
Set MetaClassifier
fori =0ton —1do
Set temp=Determine max recalls of rccset classifiers
for Class|[i]
if temp.length >2 then
Set tempF=Determine max F-measures in temp for
Class|i]
if tempF.length >2 then
The fastest classifier in tempF add to MetaClassi-
fier {classifier for class c[i] is the fastest classifier
in tempF}
else
tempF[0] add to MetaClassifier{Classifier in
tempF is corresponding classifier for class c[i]}
end if
else
MetaClassifier.add(temp[0]){Classifier in temp is
corresponding classifier for class c[i]}
end if
end for
return MetaClassifier

Algorithm 2 Find order of corresponding classifiers.
Set findOrderOfCorrespondingClassifiers

Set CorrespondingClassi-
fiers=findCorrespondingClassifiers
Setres = {}

while CorrespondingClassifier is not Empty do
max=Determine maximum recall of all classifies in cor-
respondingClassifier set
Add a classifier to res that max belongs to and remove
from CorrespondingClassifier

end while

return res
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sifiers except ones that do not satisfy the accuracy thresh-
old. In for loop, we assign the classifiers to the classes. In
this step, a classifier that has a maximum recall value of the
specific class is assigned as corresponding classifier for that
class.

If more than one classifier has a maximum recall value of
that class, F'-measure value is used to determine correspond-
ing class and if more than one class has maximum value of
the specific class, then minimum running time, determines
the correspond classifier.

Algorithm D determines the execution order of corre-
sponding classifiers. The execution order is important. Cor-
responding classifiers according to maximum amount of
their recall values are ordered in descending order, which
means that a classifier that has the highest value among the
other recall values is the first classifier and so on.

3.2 MetaRecall utilization

At utilization time, as an input is fed to MetaRecall, it is
given to the first involved classifier, if the classifier recog-
nizes it as a member of its corresponding class, then the same
class is returned as the result of MetaRecall. Otherwise, it
is tested against the second involved classifier. The process
continues until a classifier recognizes the input as a member
of its corresponding class or we reach the end of the list of
classifiers. In the latter case, we employ a voting mechanism
as follows:

For each class c;, we define a weight W, as the sum of
recalls (for classc;) of classifiers that recognize the input as
a member of class ¢;. So,

W, = (1

2

classifier j recognizes
input as member of ¢;

Rje,

Where R, is recall value of classifier j for class i. The
class with maximum weight is returned as output of MetaRe-
call. Algorithm B presents the pseudo code of the classifica-
tion process. We should note that feeding inputs to the clas-
sifiers can be done in parallel to speed up the process. In
the following section, we study the both serial and parallel

versions of the algorithm.

4 Experiments

4.1 Experiment set up

The algorithms (MetaRecall algorithm and the other algo-

rithms) are compared on five data sets. All data sets are
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Algorithm 3 MetaRecall utilization algorithm

Set MetaClassifier=findCorrespondingClassifiers
double classifyInstance(Instance instance)
for i« = 0 to MetaClassifier.length — 1 do
if MetaClassifier[i] recognizes instance as a member of
its corresponding class then
return corresponding class
end if
end for
WeightsArray=array [0.. numOfClasses-1]
for i = 0 to numO fClasses — 1 do
for j = 0to MetaClassifier.length — 1 do
WeightsArray[i]J=WeightsArray[i]+(recall of Meta-
Classifier[j] for Class[i])
end for
end for
return Class[k] where WeightsArray[k] is Max

Table 2: The test platform and hardware.

Component Specification

Operating System | Microsoft Windows 7 Professional

System Type x64-based PC

Processor Intel(R) Core(TM) i7 CPU Q 740
@ 1.73GHz, 1734 MHz, 4 Core(s),
8 Logical

RAM 4.00 GB

available and downloadable [[I].

Table O, shows hardware configuration of the experiment
platform. We employed weka-3-6-8 [[/] as the base of
our software platform. We extend weka by importing its
libraries to our program. We use 10-fold cross-validation
method with weka API to evaluate all the algorithms in the

experiments.

4.2 Experimental Results

In the rest of this section, we compare performance of the

algorithms in different datasets.

4.2.1 Anneal Data Set
This data set donated by David Sterling and Wray Bun-

tine [M]. This dataset has includes 798 instances and 38 at-
tributes. Figures B, B and [4 show the results of experiments

on the anneal dataset [[II].

4.2.2 Car dataset

The car dataset is taken from a simple hierarchical decision
model that originally was developed for DEX (expert sys-
tems for decision-making) [I]. This data set contains 1728

instances and 6 attributes and 4 classes. Figures B, [0 and
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[ show the results of experiments on the car dataset.

4.2.3 molecular biology promoters dataset

This dataset has been developed to help evaluate a "hybrid"
learning algorithm ("KBANN") that uses examples to induc-
tively refine preexisting knowledge. Using a "leave-one-out"
methodology, the following errors were produced by various
ML algorithms. [[]. This data set contains 106 instances and
59 attributes and 2 classes. Figures B, [ and M@ show the
results of experiments on the Molecular Biology Promoters

dataset.

4.2.4 spect train dataset

The dataset describes diagnosing of cardiac Single Proton
Emission Computed Tomography (SPECT) images. Each of
the patients is classified into two categories: normal and ab-
normal. The database of 267 SPECT image sets (patients)
was processed to extract features that summarize the origi-
nal SPECT images. As a result, 44 continuous feature pat-
tern was created for each patient. The pattern was further
processed to obtain 22 binary feature patterns. [I]. This data
set contains 267 instances and 23 attributes and 2 classes.
Figures [1, [ and [ show the results of experiments on the
Spect Train dataset.

4.2.5 ionosphere dataset

This radar data was collected by a system in Goose Bay,
Labrador. This system consists of a phased array of 16 high-
frequency antennas with a total transmitted power on the or-
der of 6.4 kilowatts [[I]. This dataset has includes 351 in-
stances and 34 attributes. Figures B, I3 and I8 show the

results of experiments on the ionosphere dataset [1].

4.3 Effectiveness of MetaRecall

In this section, we evaluate effectiveness of the ensemble
classifier, MetaRecall, in terms of accuracy. Figures 8,8,6,0
and B show accuracy comparison of MetaRecall in compar-
ison with its employed base classifiers. The reported results
are mean values of 25 runs. As it can be seen, by using
MetaRecall, we can increase accuracy of classification at the

expense of some time cost.
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Figure 6: Comparison of MetaRecall with base classifiers on
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nificantly.

The pooled estimate of standard deviation denoted S 4 5 is
calculated by Eq . In this equation, n4 and np which are
equal to 25, show the number of evaluations of MetaRecall
and another compared algorithm, respectively. Also, S4 and
Sp are standard deviations of MetaRecall and another com-
pared classifier. Then, Eq B calculates the experimental t-
value (teyyp). Finally, ¢, should be compared with the crit-
ical value (tcriticar = 2.407). If teyp is greater than tepiticals

then H is rejected; otherwise, it is retained.

Table B shows the results of this hypothesis test. We com-
pare MetaRecall with its initial base classifier, before au-
tomatic selection among them, (RandomCommittee, Mul-
tiClassClassifier, RandomForest, SimpleLogistic, Ibk, Lo-
gistic, FT, SMO, RBFNetwork and MetaRecall) on Anneal,
Car, Ionosphere, Molecular Biology Promoters and Spect
Train datasets.

As it can be seen, in all cases (except MetaRecall/Logistic

on Car dataset), Hy is rejected and H,, is accepted.
—1)5% —1)5%
SAB _ \/(TLA ) A + (nB ) B (2)
na+ng—2
ra)— f(z
oy = ) 7] .
Sap A + e

MR/MultiClass  MR/RandomForest MR/SimpleLogistic MR/IBK _MR/Logistic MR/FT _MR/SMO

10009 2777 3852 4252 4872 3664 5252
9825 4283 10.102 7.100 5915 1.981 4920
14.136 4033 7.020 11797 6541 8350 7957
11289 4346 2484 2979 7.295 2789 5283
2.994 9410 3117 3.868 3288 4320 4973

Table 3: Hypothesis testing of MetaRecall with base classi-
fiers

In this part of paper, we compare performance of MetaRe-
call with some well-known ensemble classifiers. Voting,
Stacking, Grading, MultiSchema and StackingC are those
compare width MetaRecall on some datasets. We feed Ran-
domComitee, Multiclassifier, RandomForest, SimpleLogis-
tic, IBK, Logistic, FT and SMO with their default param-
eters as base classifiers of the ensemble classifiers (Voting,
Stacking, Grading, MultiSchema, StackingC and MetaRe-
call). As we mentioned before, MetaRecall automatically
selects a subset of fed base classifiers to be used in its clas-
sification processes depending on the training dataset. Ta-
bles @, B, B, @ and B show the selected base classifiers by
MetaRecall for anneal, car, ionosphere, molecular biology
promoters and spect train datasets respectly.
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Class | Corresponding Base | Percentage Correct
Classifier
0 RandomCommittee 99.777
1 RandomCommittee 99.777
2 RandomCommittee 99.777
3 RandomCommittee 99.777
4 RandomCommittee 99.777
5 MultiClassClassifier 99.666

Table 4: Selected base classifiers by MetaRecall on Anneal

dataset.
Class | Corresponding Base | Percentage Correct
Classifier
0 IBK 93.345
1 RandomForest 94.734
2 FT 95.602
3 FT 95.602
Table 5: Selected base classifiers by MetaRecall on Car
dataset.
Class | Corresponding Base | Percentage Correct
Classifier
0 RandomCommittee 94.017
1 RandomForest 93.732

Table 6: Selected base classifiers by MetaRecall on Iono-
sphere dataset.

Class | Corresponding Base | Percentage Correct
Classifier
0 IBK 35.849
1 IBK 35.849
2 IBK 35.849
3 IBK 35.849

Table 7: Selected base classifiers by MetaRecall on molecu-
lar biology promoters dataset.

Class | Corresponding Base | Percentage Correct
Classifier
0 SimpleLogistic 72.500
1 SimpleLogistic 72.500

Table 8: Selected base classifiers by MetaRecall on spect
train dataset.

Figures B, [, [, I and [3 show accuracy of the methods
on data sets. Also, Figures [4, 3, A, I7 and X show time
performance of the methods on the same datasets. On anneal
dataset, MetaRecall has the best accuracy (Figure ) and the
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third time cost after voting and MultiScheme (Figure I4).
On car dataset, MetaRecall has the third accuracy perfor-
mance (Figure M) and third time cost (Figure [3). MetaRe-
call has the best accuracy on Molecular Biology Promoters
dataset (Figure ) and second time cost among the other
classifiers (Figure [A). On Spect-train dataset, MetaRecall
has the best accuracy (Figure [) and the third time cost
(Figure 7). Finally, on ionosphere dataset, again MetaRe-
call has the best accuracy (Figure [3) and in time cost per-
formance has third place (Figure [¥). As it can be seen,
MetaRecall has the best accuracy on four datasets out of five.
In addition, in most cases it has the second or third time cost

among six well-known ensemble classifiers.

® P o > st
100 |- _QQ _qu.« _qca' QQ'Q _qtv' |
>
g 90 -
-
=
Q
Q
<
80 |- -
.\:\
,\‘b
! ! ﬂ ! ! N !
S o« ¥ ¥ & &
Figure 9: Comparison of MetaRecall with other ensemble
classifiers on anneal dataset
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Figure 10: Comparison of MetaRecall with other ensemble

classifiers

on car dataset
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Figure 11: Comparison of MetaRecall with other ensemble
classifiers on molecular biology promoters dataset
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Figure 12: Comparison of MetaRecall with other ensemble
classifiers on spect train dataset
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Figure 13: Comparison of MetaRecall with other ensemble
classifiers on ionosphere dataset
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Figure 14: Compare time performance of MetaRecall with
other ensemble classifiers on anneal dataset
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Figure 15: Compare time performance of MetaRecall with

other ensemble classifiers on car dataset
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Figure 16: Compare time performance of MetaRecall with
other ensemble classifiers on molecular biology promoters
dataset

®
S
o
& >
& —
5
4,000 |- & i
7 S
g
(0]
2 3,000/ i
o p—
=
a
R
S 2,000 i
Q
=
=
175}
3
g o0 i
° N o
ol B 0 &8 08 0
I I I I I (,‘
S & % ¥ & <
w‘“\&z o o o\\b&“ %\Qsp

Figure 17: Compare time performance of MetaRecall with
other ensemble classifiers on spect train dataset
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Figure 18: Compare time performance of MetaRecall with
other ensemble classifiers on ionosphere dataset

As the results show, MetaRecall shows the highest accu-
racy among the examined classifiers on different datasets.
We should note that the based classifiers used in the ensem-
ble classifiers are selected by algorithm 0 which is part of
MetaRecall. So, it may seem that the chosen base classifiers
are biased to MetaRecall. But the other ensemble classifiers
have no algorithm to choose the base classifiers and the cho-
sen base classifiers are those with the highest accuracy. So,
it is not expected that the studied ensemble classifiers show

better accuracy using some other base classifiers.

4.5 Hypothesis testing of comparison of
MetaRecall and the other ensemble clas-
sifiers

In this subsection, with using hypothesis t-test, we evalu-
ate comparison results of MetaRecall with the other ensem-
ble classifiers in terms of accuracy. So, MetaRecall is sepa-
rately compared with each ensemble classifier. In these tests,
the null hypothesis witch is often denoted H, demonstrates
that MetaRecall and the ensemble classifier compared with
it have no difference in accuracy, and the alternative hypoth-
esis witch is often denoted H,, demonstrates considerable
difference between them.

Again we use Eq @ and Eq B (t¢riticqi=2.407) to do hy-
pothesis t-test.

Table B shows the results of this hypothesis test. We com-
pare MetaRecall with some well-known ensemble classifiers
(Voting, Stacking, Grading, MultiScheme, StackingC) on
Anneal, Car, Ionosphere, Molecular Biology Promoters and

Spect Train datasets. As it can be seen, in all cases H is
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rejected and H,, is accepted.

MR/Vote MR/Stacking MR/Grading MR/MultiScheme MR/StackingC

Anneal 3.550 14.108 2.106 3.197 9.256
Car 0.690 106.774 2.961 4.347 4.150
5.138 18.129 3.616 17.696 2.787
7.211 13.508 4.520 5414 3.267
2.642 5.339 3.232 19.097 2.840

Tonosphere

Molecular Biology

Spect Train

Table 9: Hypothesis testing of MetaRecall with the other
ensemble classifiers

4.6 Effect of 7 on performance of MetaRecall

As it is mentioned in the previous section, a parameter that
influences base classifier selection is the accuracy difference
threshold (7).

Figure M@ shows the effect of 7 on the accuracy of
MetaRecall. As it can be seen, by increasing the value of
7, the accuracy of the classifier generally decreases. The
best value of 7, for the given datasets, is in the interval [0, 3]
and around 2.4012.

[ [ [ [
100 e—eo 00— —0—0—0—0 |
e o0 & 06— o o ¢
< 80| |
Q
<
> [ -
Q U v W S—" S G S
<
e
ot
o 60 =
<
| —@— Anneal i
—@— Car
Molecular Biology Promoters
40 - —A— Spect Train [
Tonosphere
= | | I I I =

2 4 6 8
Accuracy Difference (1)

Figure 19: Accuracy decreases with increasing accuracy dif-
ference (7) of MetaRecall corresponding classifier.

The reason that increasing 7 causes a decrement in the
accuracy of the classifier is that although the recall values
of some corresponding classifiers for some classes are better
and can predict instances of the corresponding classes more
accurately, the weakness of prediction in the other classes

leads to a negative impact on the accuracy of MetaRecall.

5 Conclusion

In this paper, we presented a novel meta classifier (ensem-
ble classifier). The idea of MetaRecall is that each class of

a given dataset has a corresponding base classifier in the
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ensemble classifier. MetaRecall has a systematic and au-
tomated approach to choose its base classifiers and assign-
ing them to classes of the given dataset. We compared the
MetaRecall with different ensemble classifiers on different
benchmark datasets. Results show that by using MetaRecall,
we can increase accuracy of classification in comparison
with base classifiers. In addition, in the most datasets exam-
ined MetaRecall has better classification accuracy in com-
parison of the most well-known ensemble classifiers with

reasonable time cost.
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